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A case study was performed on a high-performance home from August 2020 
through January 2021 to determine the effect of homeowner behavior on the energy 
consumption of the home.  Overall, there is a significant lack of research into the 
intersection of human behavior and high-performance homes, and this study aims to 
provide an additional set of data to further industry knowledge in this crucial area.  The 
builder was consulted to aid in the creation of an accurate energy model using the BEOpt 
software, and his guidance to the occupants was incorporated into an expected set of 
behaviors.  The timeframe was intended to allow the greatest deviation in occupant 
behavior, as the shoulder months of the spring and fall are when temperature fluctuations 
may lead to occupants opening windows or using HVAC systems in a manner contrary to 
the builder’s expectations.  A whole-home energy monitor and smart thermostat were 
used to gather data, and the occupants provided survey responses throughout the study 
detailing their behavior.  The final analysis compared the predicted to the actual energy 
usage, finding that the model predicted the overall electrical use of the house to within 
0.12%.  However, further analysis of the data revealed unexpected behaviors and home 
conditions.  The occupants generally did not conform to the builder’s expectations of 
behavior, choosing to use their HVAC systems instead of opening windows, and noted a 
dissatisfaction with the lack of air movement options within the home.  They did not 
conform to either the builder’s thermostat guidance or the expectations set out in the 
BEOpt program.  Oftentimes, they opened windows and operated the HVAC systems at 
the same time.  The home was significantly leakier than expected, giving a 4ACH50 
 iii 
rating when the builder predicted it was at 0.3ACH50.  The results were provided back to 
the builder so that he can incorporate the results into his future guidance to occupants and 
future construction methods. 
 iv 
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The energy-efficient remodeling market is growing significantly as homeowners 
and home builders realize that energy resources as currently utilized are finite and must 
be conserved.  There is a marked trend over the past decade towards providing “green” 
features and products in remodeling or new builds.  In 2018, NAHB reported that 58% of 
single-family builders and 69% of multi-family builders and remodelers performed at 
least some green projects, and one-third of all respondents in those categories said that at 
least half of their projects were “green” (Dodge Data & Analytics, 2020).  Oftentimes, 
there is no proof of coherence between the energy efficiency of what a builder promises 
and what homeowners experience.  Design energy models are valuable for providing a 
proof of concept, but unless a homeowner adheres to the original builder’s intent and 
lives in the home in an energy-conscious manner, there may not be significant energy 
savings, despite the high-performance materials.  Previous studies have found that there 
may be significant variation on the as-modeled results, some noting up to a 50% 
difference, based on occupant behavior (Fabi et al., 2012).  For example, a family may 
keep windows open on pleasant days, thereby significantly reducing the thermal retention 
of the home envelope (Davis et al., 2020).  This study examines one example of a high-
performance remodel to determine how closely the results hew to the original intention.  
If the homeowners are easily able to adhere to the builder’s intentions, the energy usage 
 2 
would be low; however, if they are living in a divergent manner and not appropriately 
utilizing the home’s strengths, the as-built model would not correctly predict their energy 
usage. 
 For this study, the target property is a two-story single-family home in rural New 
Jersey.  The home is a 2019 rebuild of a mid-1800s farm house.  It has three bedrooms 
and two bathrooms and approximately 1700 square feet of living space with a front and 
back porch.  The remodel utilized the latest building products, techniques, and 
appliances, creating a tight envelope and a potential for very low energy usage and bills.  
A mixed-methods study was performed to determine the effects of homeowner behavior 
on the as-built energy performance of the home.  The study was conducted from August 
2020 through January 2021, setting baselines for performance in summer and winter, and 
focusing on the fall “shoulder months” when homeowner behavior is most variable as the 
temperature changes.  The results of the study contribute to a greater understanding of the 
after-construction effects of an energy-efficient remodel, providing homeowners and 





When homeowners, builders, and remodelers look to design an energy-efficient 
whole-home build or remodel, the majority of the data available to aid in their decision-
making is theoretical and materials-based, not empirical and accounting for homeowner 
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behavior.  Many studies have been performed that delve into technological solutions for 
energy reduction, including renovations of existing homes to reduce energy costs without 
getting to zero and net-zero-energy demonstration remodels (Jackson et al., 2012; 
Ascione et al., 2017; Aldrich et al., 2010; Cattano et al., 2013).  However, none of these 
projects evaluated the specific effects of homeowner behavior and instead focused on 
technological or system upgrades.  The thermal transfer of a given type of window is 
crucial, but if a homeowner leaves that window open because they want more air 
movement through the house, the energy efficiency of the glass is not applicable.  Studies 
have shown that aspects such as air-tightness are crucially linked to homeowner behavior, 
because if air-tightness increases past a certain level, homeowners will open a window.  
Remodelers have been found to increase the air-tightness past code, even, because their 
knowledge of the interrelated concepts is limited (Fabi et al., 2012).  Few whole-home 
studies have been conducted; most address a single factor, such as window-opening and 
window-closing; the whole-home studies that exist in the literature do not tease out the 
effect of specific behaviors (Branco et al., 2004; Fabi et al., 2012; Schakib-Ekbatan et al., 
2015).  Energy models for new builds or remodels can be created, but they are based on 
the properties of the materials and techniques.  Many models exist, although most are 
highly complex and mathematical, and not well-suited for the average construction 
industry practitioner (Karmellos et al., 2015; Russell et al., 2014; Hong et al., 2014; Hong 
et al., 2014; Diakaki et al., 2013; Ascione et al., 2017; Murray et al., 2014; Shao et al., 
2014; Chantrelle et al., 2011; Chen & Pan, 2015).  There is no definitive guide to 
modeling homeowner behavior, and models that exist do not account for homeowner 
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behavior.  Thus, the as-built models are simply a “best guess,” and there is no general 
guidance for how to adapt it to an “as-lived-in” model.  In this study, the research 
question examined is as follows: 
How do resident actions and behaviors affect the as-built energy efficiency of a high-




In order to determine the potential impact of resident behaviors, the following 
research objectives were undertaken in this study: 
 
Objective 1 
Determine deviation between actual energy usage and predicted energy 
usage in order to assess accuracy of a current modeling software and determine a 
percentage deviation in energy use that can be expected by the case study builder 
and homeowner when using a standard modeling software. 
Compare predicted energy usage to actual energy usage in a target case study 
residence using a BEopt model and measured data from August 2020 through January 
2021 in order to determine deviation from the theoretical over a given four-month period.  
This determines overall deviation, including weather and homeowner effects.  The 
percentage deviation can be used by the homeowner and the builder in order to predict 
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future energy requirements of the case study home in a given season, when run through 
the as-built model. 
 
Objective 2 
Compare the actual seasonal recorded temperatures to the average 
temperatures used by the model to determine how much deviation can potentially be 
attributed to non-standard temperatures during the study period. 
One possible cause of deviation between the theoretical model and the actual 
measurements is a non-standard temperature during the monitoring period.  Graphing the 
deviation between actual and predicted dry bulb outdoor air temperatures allows a 
baseline comparison to determine the quantity of deviation that is possibly due to non-
standard temperatures.  The temperature deviation provides the case study builder and the 
homeowner a guide for the quantity of deviation that is not due to non-standard 
conditions and can be used in the future to refine predictions of energy usage. 
 
Objective 3 
Determine the percentage of deviation that may be attributable to 
homeowner actions in order to assess the potential impact of specific occupant 
behaviors on the energy usage of a home. 
 Objective 1 finds the percentage of deviation between theoretical and actual; 
objective 2 finds the amount of that deviation that is potentially not due to changes in 
temperature from the expected.  In objective 3, multiple lines of effort are undertaken to 
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determine possible causes of the remaining deviation and the extent of homeowner 
compliance with the recommended energy-efficient actions that the builder put forth in 





The study was completed with a quantitative and a qualitative section.  The first 
two objectives were addressed quantitatively, while the third objective was addressed 
through a mixed-methods study.  The quantitative section was accomplished through the 
creation of an as-built energy model for a specific residential high-performance home, as 
per objective 1, and the comparison of that model to the results of installing a whole-
home energy monitor on the home’s electrical panel.  The energy monitor remained on 
the home from August 11th, 2020, through January 12th, 2021, encompassing five months 
of data collection, specifically throughout the “shoulder months” of the fall.  This time 
frame was chosen because it provides a baseline for summer behavior and winter 
behavior, and allows comparison to the “shoulder months,” which are the most 
vulnerable to homeowner behavior.  In the winter, the homeowner is expected to heat the 
home and keep windows closed; during the summer, the homeowner will cool the home 
and usually keep windows closed.  During the “shoulder months” in the spring and fall, 
the homeowner is more likely to violate some of the builder’s original assumptions for 
keeping heating/cooling to an absolute minimum and instead opening windows and 
turning on fans to keep airflow high; oftentimes, the homeowner will heat or cool the air, 
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sometimes while windows and doors are open anyways.  These transition months provide 
a valuable insight into homeowner behavior as seasons are turning.  The as-built energy 
model was compared to the results of the whole-home energy monitor to determine areas 
of deviation, thereby achieving objective 1.  The resulting data was parsed through 
multiple avenues of inquiry, both quantitative and qualitative, to understand any possible 
homeowner-behavior-related causes of deviation, as per objective 3. 
 
The following steps were undertaken prior to the beginning of the study in order to 
ensure all pertinent data was collected throughout the five-month study. 
 
Step 1 
Conduct an interview with the original builder to determine original building 
materials and methods and gauge his intentions for the energy efficiency of the site. 
During the interview, the builder was asked to provide any drawings from the 
construction of the home.  He was also asked detailed questions about specifications and 
building methods, along with broader questions about his theories in constructing energy-
efficient homes.  Lines of questioning included his philosophy on air-tightness, his 
expectations for future occupants of his homes, and any considerations he took in overall 
site planning to minimize energy usage.  This information was then input into the energy 
model to allow for a more-accurate representation of the subject property, along with 






Build a whole-home energy model in BEopt; run the model to determine the 
theoretical energy usage of the home during the study period. 
The energy model was built using the original builder’s drawings for the home 
and an interview with the builder to fill in details that were not provided on the drawings.  
It was then run using historical data from a weather station approximately 15 miles from 
the test property in order to determine the total predicted energy use across the five 
months in kilowatt-hours (kWh).  This energy model provided the basis for comparison 
to determine deviation between the actual and theoretical energy usage, determining the 
accuracy of the forecast in the energy model for the case study home, and thereby 
achieving the first objective. 
 
Step 3 
Install a whole-home energy monitor in order to measure the actual energy 
usage of the home during the study period. 
A whole-home energy monitor was installed on the target property prior to the 
commencement of the study; this monitor is capable of “learning” specific appliance uses 
and providing minute-by-minute energy data.  The data gathered provided the energy 
usage to compare to the theoretical model, which allowed a calculation of percentage 
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deviation, thereby accomplishing objective 1.  The detailed data from the monitor was 
used to analyze potential causes of deviation in step 13. 
 
Step 4 
Install a remote-access thermostat to provide a detailed picture of thermostat 
settings throughout the study period. 
 The thermostat, as installed, was capable of sending its current settings to an app 
and corresponding website, which was used in step 7.  The thermostat settings were used 
to accomplish objective 3, wherein sources of deviation between actual and theoretical 
use were explored. 
 
Step 5 
Conduct an interview with the homeowners to determine the extent of 
perceived, self-reported compliance with builder’s assumptions and guidance. 
 The interview consisted of questions aiming to determine the occupants’ “normal” 
behaviors.  Questions included how often they ran various large appliances, their 
preferred thermostat set point, and how efficiently they perceived that they used water.  
No standards were given, simply open-ended questions, and their answers were compared 
to the builder’s intent in order to determine how closely they believed their behavior 
hews to the original builder’s intent.  The results were also used qualitatively in the later 
data analysis to determine whether or not their actual behavior matched their intended 
behavior and gauge an overall accuracy of self-reported energy-efficiency behaviors, 
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thereby allowing conclusions on whether or not the homeowner behaviors were even 
consciously-performed. 
 
The following steps were performed during the study period. 
 
Step 6 
Record temperature at the study site using the smart thermostat.  These 
values will be collected in order to provide a comparison between thermostat 
settings and outdoor temperatures. 
 The smart thermostat was capable of recording outdoor air temperature based on 
an algorithm that uses local weather sensor data and home-specific data to arrive at a 
more-precise outdoor temperature tailored to the home’s location (Ecobee support).  The 
home is in a small valley between two hills; therefore, it is important to measure the 
temperature as precisely as possible at the study location, as air tends to settle within the 
valley.  The temperature data was recorded every five minutes.  This data was then 
compared to predicted outdoor air temperatures as used in the model, and thermostat 
settings from the home in order to satisfy objectives 2 and 3, when non-standard outdoor 
air temperatures and homeowner behaviors were explored in order to determine possible 




Record thermostat settings inside the home in order to facilitate comparison 
between thermostat setting, indoor air temperature, and outdoor dry bulb 
temperature, per objective 3. 
The data from the thermostat application was automatically recorded every five 
minutes by the smart thermostat and entered into the smartphone application and 
corresponding website.  This data was then compared to the outdoor ambient 
temperature, as gathered in step 6, in order to determine times when the thermostat 
setting was not in accordance with the builder’s assumptions for minimizing energy 
usage of the home.  It was also compared to the indoor air temperature to determine 
potential causes of energy-use deviation, such as an air conditioning unit cycling too 
often or not often enough. 
 
Step 8 
Record energy usage in the home via the whole-home energy monitoring 
system’s software. 
This data was continuously collected via the smart home monitor and logged in 
the system’s software.  The data was analyzed and compared to the results of step 2, the 
as-built energy model, in order to determine percentage of deviation between the 




Collect survey responses from the homeowners daily to ascertain their 
specific behaviors throughout the day, along with any pertinent information that 
may affect overall energy usage. 
 The occupants were asked to complete an online survey daily to ensure data about 
window opening and closing, woodstove usage, vacation time, among others, were 
collected.  The survey was offered at 8 pm nightly as a reflection on their day and 
consisted of four questions, which could be repeated if multiple data entries were 
required.  They were asked about their comfort level in the home and whether they 
performed any actions to rectify discomfort; whether or not they had opened any 
windows, and if so, which ones; whether or not they had opened any blinds; and if 
anything notable had happened, with a description required if the response was 
affirmative.  The intent with a daily survey was to capture information in a timely manner 
that could not otherwise be recorded, such as comfort levels and window and blind 
position.  Additionally, the occupants were given the chance to record events that were 
out of the ordinary, such as travel days with zero occupancy or additional guests, or days 
with unusual heating and cooling requirements. 
 





Determine deviation between the as-built, theoretical model data and the 
collected data from the whole-home energy monitor. 
 This step accomplished objective 1, as the difference between the two models was 
computed in terms of total kWh.  The variation was expressed as a percentage of the 
theoretical energy usage.  Additionally, this deviation allowed a conclusion regarding the 
overall accuracy of the energy modeling software for the case study home that the builder 
and homeowner can use in future energy calculations for the specified property. 
 
Step 11 
Determine potential deviation caused by nonstandard weather conditions. 
 The temperatures from the as-built energy model, which represent a historic 
average of area temperatures from a weather station located approximately 15 miles away 
from the test site, were graphed against the location-corrected temperatures provided by 
the smart thermostat.  Deviation between the historic temperatures and the actual, 
recorded seasonal temperatures was calculated and expressed as a percentage of the 
historic temperatures.  These anomalous temperatures may have caused an equivalent 
percentage of energy deviation.  The deviation from step 11 was subtracted from the 
deviation in step 10, thereby providing a percentage of deviation between theoretical and 
actual energy usage that possibly was not due to temperature and may potentially be 
caused by homeowner behaviors. 
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The following qualitative or mixed-method steps were performed after the data was 
collected in order to satisfy objective 3.  The builder’s manual, “How to Live in an 
Energy-Efficient Home,” details the builder’s assumptions, and is provided to the 
occupants of every green home he remodels.  These assumptions, combined with the 
interview in step 1, were the basis for comparison in steps 12 through 15. 
 
Step 12 
Compare actual thermostat settings to prescribed thermostat settings and 
outdoor temperature to determine whether thermostat settings may be a possible 
cause of the deviation between actual energy usage and theoretical energy usage. 
 The thermostat settings were plotted against the actual temperature measured in 
step 4 and the thermostat guidance from the builder and the energy model.  A first 
comparison looked at how often the thermostat set point was not in accordance with the 
builder’s guidance and the model defaults of 65°F for heating and 75°F for cooling.  
Additionally, times wherein the temperature set-point was not in accordance with outdoor 
temperature were noted, such as a thermostat set to cool during a moderate fall evening, 
when the builder’s assumptions would be that windows should be opened and fans on, 




Analyze the whole-home monitor data to determine whether inefficient 
appliance usage may be a possible cause of any deviation between theoretical and 
actual energy usage. 
 The results of the whole-home energy monitor were plotted in order to determine 
any periods of above-average appliance usage, or any appliance usage that was routinely 
utilizing large quantities of energy.  This data set called out any appliances that are 
cycling more often than expected, thereby using more energy than expected.  The 
builder’s manual includes sections about appliance usage, and the energy monitor data 
was compared to the manual to note any appliances that are being used inconsistently 
with the guidance and assumptions.  All major appliances were researched for their 
EnergyStar predicted electrical usage, and any that appeared to potentially exceed this 
amount are identified. 
 
Step 14 
 Compare specific days noted in the survey for behavioral deviations against 
the daily energy usage to determine whether any specific actions contribute to a 
deviation in energy usage from the model. 
 All survey responses were parsed to filter days on which windows were open or 
closed, blinds were open or closed, or occupants were uncomfortable.  These days were 
then examined to determine whether or not there were any trends, such as higher or lower 
energy usage when blinds were opened or closed, based on a season.  Days when the 
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homeowners left a comment about an unusual occurrence were also studied in order to 
ascertain the effects of the daily happenings, such as the effect of additional guests. 
 
Step 15: 
Conduct a post-case-study discussion with the original builder to provide feedback 
regarding his assumptions. 
 This interview presented the remodeler with the findings of the case study, 
including how well his building performed compared to the theoretical model, how well 
the homeowners adhered to his assumptions, and whether or not their behaviors regarding 
energy efficiency were conscious, and thereby able to be changed.  The discussion 
provided context for the findings, as the builder will be able to elaborate on his original 
assumptions, as necessary, and potentially adjust his assumptions moving forward, if 
there was an un-attainable section in his guidance.  Additionally, the results of this step 
allow the builder to tailor his guidance for future green remodels to ensure his guidance is 
attainable for an average homeowner. 
 
 The compiled data and subsequent data analysis performed throughout the 
aforementioned steps sought to determine how well a basic energy model actually 
predicts energy usage, how much that divergence depends on non-standard weather 
conditions, and to what extent homeowner actions may contribute to the divergence that 
is not based on non-standard weather conditions.  Although this is a single data point 
about one set of homeowners in the Northeast in the summer through winter, the results 
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are valuable because specifically, the original home builder is able to use this data to 
refine his expectations for how homeowners interact with his green buildings.  More 
generally, these results will contribute to furthering the energy-efficient building 
community’s understanding of how homeowner behavior aligns with the original 
builders’ intents. 
 The research methods process is graphically depicted below. 
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Improving the energy efficiency of the existing and future housing stock in the 
United States could garner large reductions in energy use.  According to Wolfe and 
Hendrick (2013), approximately 3.3% of the energy used annually in the United States 
could be saved through improvements in the residential building industry alone.  With the 
renovation of existing stock using best practices, the application of behavioral changes, 
and the incorporation of energy-saving technologies throughout the 130 million single-
family homes in the US, the country could reduce its energy usage by an estimated 40%, 
or 160 million metric tons of carbon dioxide (Wolfe & Hendrick, 2013).  In an 
encouraging sign, the majority of contractors working in the market cite some number of 
“green” projects in their portfolio, with 21% of residential single-family builders and 
multi-family builders and remodelers calling themselves dedicated green builders, with 
over 90% of their portfolio focused on energy efficiency.  50% of single-family 
remodelers note that they have done some green building projects, and 68% of those 
across the industry who have done some green work did so because it was “the right thing 
to do” (Dodge Data & Analytics, 2020, p. 4). 
Despite the fact that many practitioners are building in an energy-efficient 
manner, there is a wide variety of outcomes and a general lack of understanding of the 
impact of occupant behavior on the energy-efficient building.  Building codes exist that 
set minimum baselines, along with some “green” standards, including LEED v4.0, 
created by the International Green Building Council, and the ICC 700-2020 National 
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Green Building Standards, published by NAHB.  Additionally, there are numerous 
studies available in the academic literature that paint a picture of the ways in which 
energy usage can be minimized, and some even address the effect of occupant behavior 
on the efficacy of installed improvements.  However, all of this research is academic, and 
the vast majority of it is not available to or accessible by practitioners in the field.  It is 
not compiled into a “best practices” guide or disseminated widely to industry, especially 
with regards to the effects of residents on the final outcomes of the energy-efficiency 
efforts. 
Of the research into energy efficiency that does exist in academia, the majority 
has focused on technical innovation case studies, mathematical modeling of various 
improvement options, or large-scale data gathering studies.  Very little research has 
delved into the effect of occupant behavior on the overall energy efficiency of a given 
home, and there is no basic guidance available to residential contractors today outside the 
academic realm that addresses how to design with occupant behaviors in mind.  As 
Branco et al. (2004) noted, such research is crucial to ensuring that moving forward, 
designs account for the reality of occupants, and by bringing their actions into the 




Overall, there exists a relatively clear understanding shared by most researchers of 
the technological factors that affect the energy consumption of a given building, whether 
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residential or commercial.  The studies that simply evaluated which portions of a home 
were utilizing the most energy all seemed to agree on the same factors, including 
appliance age, duration of appliance use, air conditioning or heating settings, type of 
window glass, R-value of insulation, location of insulation, and home size (Kulkarni & 
Shrestha, 2010; Bedir et al., 2013). 
The degree to which each of those factors, and various other factors studied, 
affected the energy consumption of a building varied greatly across studies, and many 
researchers worked to quantify either the overall impact of making energy-efficient 
upgrades or the impact of a given specific change.  The largest number of studies 
available address technological changes or technical advancements.  There have been 
numerous whole-home case studies that studied buildings and recommended changes 
without actually implementing those changes and measuring results, such as Rezgui, 
Aldossary and Kwan (2014) in Saudi Arabia, who noted that implementing the suggested 
solutions could potentially lower energy consumption by 37%; however, although the 
authors noted the residents’ “wasteful behaviors,” no suggestions were made for 
behavioral change (Rezgui et al., 2014).  Annibaldi et al. (2020) examined the renovation 
of a historic building in Italy to determine how best to renovate it in an energy-efficient 
manner while respecting its historical and cultural significance; however, no renovations 
were actually undertaken (Annibaldi et al., 2020).  Similarly, Mauri (2016) runs two 
separate tools, a mathematical algorithm and a model with climate data, and proposes 
changes that will reduce energy needs by approximately 30% using technological 
solutions alone (Mauri, 2016). 
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Existing Energy-Efficiency Case Studies 
 
The widest category of literature available in the academic realm in this specific 
field of study discusses case studies undertaken to evaluate the energy efficiency of 
various improvements.  Several case studies followed a full remodel or new construction 
of homes or buildings, demonstrating the efficacy of various techniques or energy-
efficient materials.  In Minnesota, a demonstration project in 2008 built the first LEED 
Platinum home. The project incorporated myriad technologies, such as Energy Star 
appliances, geothermal heating, solar panels for electricity and water heating, a natural 
gas system to generate electricity and heat simultaneously, radiant heating, dual flush 
toilets, a recycled graywater system, water softener and reverse osmosis units, and fire 
sprinklers.  However, no data was presented regarding the operation of the home post-
construction or the eventual energy consumption once the building was occupied (Minn. 
house remodel could hardly get much greener, 2008).  Another case study followed a 
White House energy-efficiency remodel in 1997, which included more-efficient HVAC 
systems, windows, and lighting, including occupancy sensors and right-sized units.  The 
engineers also looked for ways to minimize plug loads and installed dual-pane windows.  
Although there is no post-remodel occupant-related data presented, the authors do 
specifically call out the need for continuing education and training for occupants and 
reviews of operations and maintenance procedures in order to ensure that the predicted 
usage patterns are met and savings are maximized (Miro & Cox, 1997).  Olshesky (2012) 
studied the renovation of the historic Samuel L. Byrne House in Cambridge, Maryland, to 
detail the specific strategies used to enhance its sustainability.  The house was fitted with 
 23 
solar panels, a storm water diversion system, a graywater recycling system, a geothermal 
setup, and cedar shutters, among other updates (Olshesky, 2012).  The Consortium of 
Advanced Residential Building (CARB) performed a series of whole-home remodels 
between 2008 and 2010 in five locales across the United States to demonstrate several 
systems that could be installed as “cost-effective, production-ready” options to aid homes 
in becoming zero-energy.  The factors they studied included “high-R wall assemblies, 
non-ducted air-source heat pumps, low-load HVAC systems, solar thermal water heating, 
ventilation systems, cold-climate ground and air source heat pumps, hot/dry climate air-
to-water heat pumps, condensing boilers, evaporative condensers, and water heating” 
(Aldrich et al., 2010).  All of these case studies examined technical solutions, not 
behavioral effects, and none provided post-occupancy data. 
Other studies examined a specific factor or mix of factors which were or could be 
improved, instead of undertaking a whole-home remodel or entirely-new build.  As with 
the whole-home remodels, many were theoretical and did not actually implement the 
energy-saving measures they proposed.  For instance, Kon (2017) evaluated the 
insulation needs of various homes in specific cities in Turkey, calculating the ideal type 
and thickness of insulation in order to minimize energy needs in a home (Kon, 2017).  
Kavousian, Rajagopal and Fischer (2015) examined a few different options for 
minimizing energy usage and found that installing efficient lightbulbs led to a 4% 
reduction in energy usage, while replacing old windows with double-glazed ones reduced 
energy needs by an additional 3.5%.  Additional savings were also garnered from 
additional wall insulation (Kavousian et al., 2015).  In one case study by Zmeureanu and 
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Marceau (1999), the hot water heater consumed over 50% of the energy of a home, and 
the replacement of a single old heating oil system was completely cost-effective in just 
over one year due to the high level of energy savings (Zmeureanu & Marceau, 1999). 
Many of these single- or multiple-factor theoretical studies also calculated the 
life-cycle costs and return on investment for the improvements studied.  For instance, in a 
separate study, Zmeureanu (2000) explored the cost-effectiveness of bringing existing 
homes up to the air-tight standards of new homes, using the life-cycle energy cost 
reduction, the initial cost of the renovation, and CO2 tax credits available in Canada.  
Overall, the authors found that it was possible to renovate the building to have the same 
air-tightness as a new home, but it was not generally cost-effective.  Their results were 
subject to the high cost of renovation and the low cost of energy, so the author noted that 
if done in concert with another renovation or if energy costs were high, this option may 
become cost-effective (Zmeureanu, 2000).  Norouziasl, Jafari and Wang (2019) 
conducted research towards determining whether or not installing different types of 
occupancy sensors for lighting would be cost-effective in a given commercial building.  
They noted that there have been many case studies on this topic, but there was not a 
developed method for prediction.  Their results showed that using occupancy sensors can 
decrease the energy consumption due to lighting by 15% to 31% and the payback period 
is around three years, based on their specific case study (Norouziasl et al., 2019).  Of 
note, this study was performed in a commercial building, where lighting would be 
significantly more impactful to the overall energy efficiency than in a given single-family 
residential home.  In both of these studies, a critical limitation is that there was only one 
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factor studied.  Lighting or air-tightness are normally paired with additional 
improvements in order to accomplish the goal of drastically changing the energy 
efficiency of a standard residential home. 
Some non-constructed studies even suggested additional benefits to energy-
efficient remodels.  Monroe (2011) detailed how various energy-saving features, such as 
sheep wool insulation, geothermal heat pumps, photovoltaic, Energy Star products, and 
LED lights with motion sensors, can lower annual energy costs by 12% to 17%.  The 
same improvements can increase appraisal prices and sales prices by 8% for new 
buildings and 30% for existing buildings, especially if those improvements led to an 
independent certification (Monroe, 2011). 
 
Occupant Behavior Studies 
 
However, on the topic of the effect of occupant behavior on energy efficiency, 
there is a dearth of information.  In general, as noted previously, studies have generally 
focused on technological solutions to increase energy efficiency, instead of behavioral 
changes that can bring about an energy use minimization or the corollary, how occupant 
behavior erodes the effectiveness of technological solutions.  As detailed by Ruparathna, 
Hewage, and Sadiq (2016), in order to achieve maximum energy efficiency and related 
cost savings, the complete “interaction among the behavioral, organization, and 
technological changes” must be addressed (Ruparathna et al., 2016).  Occupant behavior 
can be seen to be a pillar in a building’s energy efficiency usage, similar to appliances, 
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equipment and structural changes.  If the construction industry’s assumptions about the 
behavior of the occupants are incorrect, and the models used by the industry do not 
include occupant behavior as a major factor in energy usage, the predictions will not be 
realistic and there will be a large gap between predicted and actual energy use (Fabi et al., 
2012). 
 A small number of studies have focused on the size of the impact that a 
homeowner has on the eventual energy usage of a constructed or remodeled home.  
Zmeureanu (1999) used energy bills from a given house over ten years, normalized them 
to annual temperatures, and compared them to detailed one-day data from an energy 
monitoring system.  Overall, they determined that residents’ behaviors account for a 
significant portion of the change in energy usage, but without an energy monitoring 
system, the impact of a given occupant can be difficult to predict when designing 
improvements (Zmeureanu & Marceau, 1999).  Yu et al. (2011) did a similar study, 
attempting to extrapolate the influence of building occupants’ behavior on the energy 
consumption of a building through cluster analysis.  They grouped buildings according to 
factors that are not related to user behavior, such as climate and building characteristics, 
and then worked to mathematically isolate the specific residents’ behaviors that 
contribute to energy usage.  They identified that resident behaviors such as heating or 
cooling empty rooms, opening windows instead of changing the thermostat set point, and 
not reducing the HVAC workload when they leave, can account for a 40% deviation from 
expected energy usage (Hafner et al., 2020; Yu et al., 2011).  However, neither of these 
studies explored the impact of occupants on specifically high-performance buildings 
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constructed for energy efficiency; instead, they simply looked at existing buildings and 
ran calculations based off current conditions. 
 Branco et al. (2004) performed the most pertinent whole-home study in the 
literature.  The team studied a high-performance multi-family residential structure in 
Switzerland for 3 years after construction and found a greater than 50% difference 
between actual energy consumption and predicted energy consumption.  The authors 
concluded that because the original theoretical calculations didn’t account for the actual 
utilization of the space, the incorrect assumptions included in the model had provided for 
overly-optimistic projected calculations for energy usage.  They describe various 
challenges inherent to operating high-performance structures, including technological 
complexity and lack of resident experience.  The authors note that their study is simply a 
beginning, and that there are likely similar deviations among other innovative low-
energy-usage structures (Branco et al., 2004).  The researchers did not, however, work to 
tease out specific behaviors that contributed to the differences. 
Research must be conducted into specifically how occupants interact with high-
performance homes, and which aspects of their behavior cause the greatest deviation in 
the home’s energy usage.  Without understanding the variables that would need to be 
input into a given energy model, the model will not accurately display homeowner 
behavior (Fabi et al., 2012). 
As noted, very few studies delving into homeowner behavior as it relates to 
energy usage have been conducted.  A few that exist in the literature study a particular 
factor or series of factors, and none of them were conducted in a high-performance 
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residential home.  One interesting area of research that has been relatively well-studied is 
that of window opening and closing.  Fabi et al. (2012) conducted a detailed literature 
review comprised of studies that evaluated the effect of occupant behavior on window-
opening and window-closing, and its effect on air-change rates.  The authors did note that 
air-change rates do not directly translate into energy-efficiency, which is a shortcoming 
of the focus of their review.  However, they noted that various studies showed up to a 
50% difference in similar homes, which could possibly be attributed to occupant 
behavior.  They delved into specific correlations between the air-tightness of the house 
and the impact of occupant behavior, noting that “the behavioral variations became more 
significant in the buildings that were better insulated and more airtight” (Fabi et al., 2012, 
p. 191).  The authors postulate that in the more air-tight houses, the occupants may be 
opening the windows to increase their personal comfort.  Although their review is broad 
and detailed on its specific topic, it only addresses the way that occupants open and close 
windows, and not the myriad of other factors that comprise the energy usage of a home. 
Other studies have noted that behaviors are not necessarily rational, and as such, 
would not fit a standard set of assumptions for occupant behavior.  In a German office 
building, Schakib-Ekbatan et al. (2015) found that occupants opened the windows for 10 
percent to 25 percent more days in the winter than they would have if their behaviors had 
matched the original design assumptions.  In the summer, this increased to 10 percent to 
40 percent more days than as-designed.  Oftentimes, the residents would even open the 
windows during the summer when the outdoor temperature was higher than the indoor 
temperature.  The study noted an important factor to be considered, in that because 
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behavior is not always rational, it must be studied to be understood, but the study was 
limited only to window opening behavior, so it cannot substitute for a full-home study 
(Schakib-Ekbatan et al., 2015). 
 Oftentimes, it may be assumed that a deep retrofit for homeowners who are 
passionate about energy-efficiency will change their behaviors to match the requirements 
of the house.  However, in their detailed study of suburban Atlanta homeowners, Wolfe 
and Hendrick noted that the residents’ self-reported behaviors did not change even after a 
deep retrofit that reduced energy costs by approximately 30 percent on average.  The 
homeowners reported that there were no behavioral changes among household members, 
with some citing a desire to maintain “familiar behaviors, such as preferred temperature 
settings.”  Others reported that lights were left on, and programmable thermostats 
installed in three of the houses were not used after the retrofit (Wolfe & Hendrick, 2013, 
p. 14).  Some occupants in other studies have shown a similar inaction inertia, in that they 
prefer to continue with their previous behaviors instead of changing, even when provided 
with direct information and recommendations for change (Hafner et al., 2020).  
Therefore, it cannot be assumed that the presence of a high-performance building alone 
will cause occupant behavior to comply with the builders’ assumptions. 
 Occupants may simply not know how their behavior directly impacts the energy 
efficiency of the building.  As Zmeureanu and Marceau (1999) noted, most owners “are 
not aware of the energy impact of previous renovations or purchases of appliances, nor 
even how the change in their habits could deteriorate or improve the energy performance 
of the whole house.”  The homes evaluated in this study did not have any specific energy-
 30 
saving measures installed or available outside of occupant behavior; regardless, the 
owners in this study were unaware of their impact on the energy usage of their home 
(Zmeureanu & Marceau, 1999).  Other occupants, along with lacking awareness, may 
feel that they have no control over their behavior in regards to energy efficiency, despite 
their desire to comply with recommendations and reduce energy usage (Hafner et al., 
2020).  Their behaviors must be detailed and studied, because they do not appear to be 
easily changeable. 
 Overall, multiple studies have found that homeowners both require and desire 
expert support in making energy-efficiency decisions, but the availability of resources for 
a standard home builder or remodeler to allow them to provide that expert support is 
significantly lacking.  During Wolfe and Hendrick’s (2013) study of suburban Atlanta 
deep retrofits, they found that homeowners were decidedly more willing to undertake 
environmentally-friendly renovations and entertain behavioral changes or nudges when 
they had what they considered to be expert advice.  However, the authors deride the lack 
of research in this area, noting that the largest portion of the literature available relates to 
“being about homes, retrofit measures, energy savings, and economics, but not about the 
homeowners who have to decide whether to retrofit their homes, what measures to install, 
and how to live with (e.g., use and maintain) retrofit results” (Wolfe & Hendrick, 2013, 
p. 7). 
 Because technological solutions and material improvements have been the focus 
of the majority of the research, the average builder or remodeler is not prepared to aid 
homeowners or small project decision-makers.  The existing energy-usage models are 
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complex and highly mathematical, and none of them take homeowner behavior into 
account.  Very few address “life cycle cost and building level of service,” and there 
appears to be an ad hoc basis for which improvements to choose (Ruparathna et al., 
2016).  There is no systematic decision-making process, and no way for an industry 
professional to evaluate which improvements would be best for his or her specific 
homeowner based on their behaviors, ability to live in a high-performance home, and 
specific needs.  Studies have noted the need for such a system, including Kim, Haberl, 
and Anderson (2016), whose lighting study noted that the building engineers often 
“override the temperature setting controls based on occupant feedback, which can create 
a discrepancy in the predicted versus measured savings.”  Without anticipating resident 
needs and determining the “optimal indoor temperature setting” for the occupants, then 
taking into account their “thermal comfort” while considering various retrofit options, the 
predictions will be overridden by occupants who simply revert back to that which is 
comfortable for them (Kim et al., 2016, p. 11).  With a quality model that incorporates 
behavior, the average industry professional will be significantly more prepared to support 
their homeowners in choosing the most effective home energy retrofits. 
 
Energy-Usage Forecasting Models 
 
 Currently, energy-efficiency and energy-usage forecasting models are incomplete.  
However, they are more accurate than standard industry methods, as they take into 
account more of the interconnected factors in energy usage than the standard methods.  
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Kim, Haberl, and Anderson (2016) performed a study on a lighting retrofit project in 
which they compared the DOE-2.1 simulation algorithm, a version of which now powers 
the BEopt simulation tool, to standard industry methods for determining energy cost 
savings with a complete replacement of the lighting system in a commercial building.  
The standard methods under-predicted total energy savings, but over-predicted demand 
savings because they did not necessarily take into account some of the interconnecting 
factors, such as needing to compensate for the heat put off by traditional electric bulbs.  
Additionally, their assumptions about homeowner behavior or even occupancy rates were 
essentially nonexistent.  The DOE-2.1 tool allowed for basic information to be input 
about occupancy rates, and it accounted for the increased presence of occupants to 
increase energy demand (Kim et al., 2016).  However, its accounting for behavior was 
simplistic at best, simply modeling that an increase in occupants led to an increase in 
light requirements. 
 Previous research has suggested many various options for modeling energy usage 
in buildings, and some have incorporated more factors than others.  Wang and Cho 
(2015) incorporated as-built data into their custom model, using laser scanners and a 
thermal camera to create a model that did not require the original builder’s plans to 
determine wall thickness, insulation R-value, or space sizes.  They determined that their 
methods were significantly more time-efficient than manually gathering the data 
required, but if the data were correct, the models would have similar outputs (Wang & 
Cho, 2015).  Multiple studies worked to integrate their models with BIM, although they 
each found that it was not an easy integration, and even data transfer between the two 
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was far from seamless.  Gerrish et al. (2017) proposed using BIM as a performance-
regulating platform to help building managers operate their buildings in a more energy-
efficient manner.  However, as of 2017 when their research was conducted, the 
combination of BIM and energy-modeling software still did not operate well enough with 
a building management system to provide seamless transitions between operations and 
energy-usage predictions based off those operations (Gerrish et al., 2017).  Khaddaj and 
Srour (2016) evaluate the use of BIM for green-specific retrofits, and they determine that 
there exist significant challenges due to the information-sharing issues.  Much of the 
necessary data to operate an energy-usage model is not collected throughout the retrofit 
process, or it is not easily able to be transferred either between a model and the BIM 
software, or between models (Khaddaj & Srour, 2016).  Even within a single BIM 
software that purports to include energy-modeling options, Garcia, Mollaoglu, and Syal  
(2018) note that the transfer between the 3-D modeling portion of the software and the 
energy-efficiency analysis portion of the software may require manual data entry or 
conversion (Garcia et al., 2018).  Some researchers have even taken on the challenge of 
creating their own automated system of data transfer between BIM and energy-usage 
software, such as Cemesova, Hopfe, and Mcleod (2015).  They built a method, named 
Passive House Planning Project (PHPP) that uses Java to transfer the data, in lieu of 
effective or complete Industry Foundation Classes (IFC) data transfer options (Cemesova 
et al., 2015).  Even if a BIM-to-energy-model software or transfer capacity were built to 
be seamless, it still would not address the issues raised previously, as many small 
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businesses have not adopted BIM practices anyways, and as the model itself would still 
not utilize occupant data, the results would be flawed (Garcia et al., 2018). 
 Various more-advanced energy-usage models incorporate life-cycle costing and 
the owner’s return on investment in order to help with initial choice decisions.  However, 
these models become extremely complex and mathematical, and they are not intended for 
the average practitioner to utilize in a standard project.  Some, such as the one developed 
by Karmellos, Kiprakis, and Mavrotas (2015), are run in the MATLAB program, in 
which the average industry practitioner has no experience (Karmellos et al., 2015).  They 
also have no input for occupant behavior, leading them to fall prey to the same 
shortcomings discussed previously.  Russell, Jafari, and Valentin (2014) created a Monte 
Carlo simulation that analyzed life-cycle costs of a renovation for a 1960s-era existing 
home.  They determined upfront costs and compared those to life-cycle costs, choosing 
the optimum selection of activities for minimizing the life-cycle cost, including the 
payback time for each retrofit and the projected energy savings (Russell et al., 2014).  
However, without incorporating resident behavior, the results of their energy-savings data 
could potentially be significantly different from the results the homeowners will actually 
experience.  None of the research teams creating detailed mathematical models provided 
the follow-up data regarding how accurately their models actually predicted energy usage 
over time. 
 Various other research teams created genetic algorithms or multi-criteria analyses 
using complex mathematical prediction tools.  There was a spike in research centered on 
this topic in the early 2010s, specifically after the European Union issued directives 
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around that timeframe requiring energy-efficient building.  Hong et al. (2014) developed 
a tool for evaluating energy retrofit options for a multi-family building, which both 
factored in life-cycle costs and net present value, and also compared those options to a 
given standard, in this case a carbon emissions reduction target (Hong et al., 2014).  
Although potentially helpful, the model was simplistic, using only a few factors, and did 
not include occupant behavior.  One algorithm, created by Wang, Xia, and Zhang (2014), 
used the net present value of the life-cycle cost, including maintenance costs, to 
determine the overall cost of a given retrofit strategy.  They ran their model with various 
options, but the options chosen were simply ones used in the case study property, and not 
a full offering of the options available (Wang et al., 2014).  Their model again did not 
address resident behavior, and was not of a simplicity that it could be widely used. 
Diakaki, Grigoroudis, and Kolokotsa (2013) performed a similar study, using a multi-
objective mathematical model to guide remodeling choices.  This team included more 
options than other models, looking at “the building envelope and its insulation, the space 
heating and cooling systems, the water heating systems, the lighting appliances and other 
equipment;” however, they acknowledged the incompleteness of their choices, as they 
identified over 400 possible technologies or adaptations that could be considered 
(Diakaki et al., 2013, p. 542).  Ascione et al. (2017) developed a model that would even 
suggest a full retrofit of the building envelope, if it were to be determined to be cost-
effective enough.  In the case study accompanying their model, which was not 
constructed but simply theoretical, they were able to reduce the energy requirements of 
the existing building to qualify as a net-zero-energy building by making the changes 
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suggested by their model (Ascione et al., 2017).  Murray et al. (2014) built another multi-
variable optimization, this one incorporating degree-days portion, wherein they 
eliminated days that do not require heating or cooling and accounted for fluctuation in 
outdoor temperature.  Although they did not address occupant behavior specifically, they 
were able to build a more sophisticated model that incorporated outdoor temperature, 
which can significantly affect occupant behavior and energy needs (Murray et al., 2014).  
Another more-advanced model was developed by Shao, Geyer, and Lang (2014).  Their 
model included a human component; although it did not address occupant behavior, the 
model was able to incorporate stakeholder requirements and expert judgment in 
prioritizing energy retrofit projects.  They combined a multi-objective optimization with a 
framework for pairing the model with human experts’ inputs, leading to a more-
sophisticated output wherein the model results are evaluated and sorted by the human 
analysts (Shao et al., 2014). 
 Based on the evolution of the literature, it does appear that the industry has 
developed more sophisticated and more predictive tools as computing power has 
increased.  The breadth of literature reviewed has shown a significant change from papers 
published back in 2010 through more recent studies, specifically in the quality of the 
mathematical modeling that researchers are able to complete (Chantrelle et al., 2011).  
Algorithms now incorporate more factors to consider, and they are able to run more 
sophisticated tools.  Some have even used BIM software and a fuzzy logic decision tool 
to improve their modeling abilities, as in the model built by Chen and Pan (2015).  The 
team used building information from the BIM tool as inputs to the model, which is then 
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able to utilize less-specific requirements from customers that are not often easily 
translated to numerical values.  The model outputs the best low-carbon options for a 
building, demonstrating large computer processing power and a sophisticated model that 
does not require specific finite values (Chen & Pan, 2015).  The improvements in 
modeling certainly demonstrate that the industry is moving towards effective tools, but 
none of the ones studied herein appear to encompass the breadth of factors required to 
ensure effective prediction: numerous factors evaluated, life-cycle cost incorporated, and 
occupant behavior considered. 
 
Homeowner Decision-Making Models 
 
 Various additional research studies have focused on homeowner decision-making 
and aimed to provide guidance for an average homeowner to choose the best options for 
their specific situation.  Ma et al. (2012) provide a high-level discussion of the use of 
energy modeling, decision matrices, and initial cost compared to energy savings (Ma et 
al., 2012).  As a basic primer, it is helpful for ensuring that multiple factors are included 
in the decision-making process; however, it still does not address occupant behavior.  
Syal et al. (2014) developed an “Intelligent Decision Support System for Home Energy 
Retrofits (HERs)” that was designed to provide enabling information to homeowners 
regarding HERs.  Overall, the uptake rate of HERs is significantly below that which is 
possible, as determined by a low usage of the money allocated by the federal government 
to HER projects.  The authors postulate that a main cause could be lack of homeowner 
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information, and they propose creating a system that incorporates expert knowledge, cost 
information, energy modeling, and homeowner inputs.  This system would be useable by 
all homeowners to determine the best and highest use of their money and time in a HER 
project.  A sample system was created using the Exsys Corvid expert system shell, which 
was tied to the NREM database for project cost (Syal et al., 2014).  However, this paper 
only addressed a single sample and noted the need for a much larger system with 
increased expert input and a link to a data modeling system to predict actual effects on a 
specific home.  Because there was no data modeling aspect to their study, the results were 
not demonstrated, so it is unclear what effect the system would actually have on 
homeowner choices or behavior.  A study by Grussing and Liu (2014) followed similar 
aims in working to prioritize improvements to a building based on life-cycle costs and 
energy savings; however, this study was focused on civil infrastructure, not residential 
buildings, and their case study was an aircraft maintenance shop.  The authors developed 
a framework for prioritizing specific maintenance and setting up a long-term schedule to 
decrease life-cycle costs and increase performance.  They created a performance index 
that is based on two separate scales, one related to the building or infrastructure’s current 
condition and one related the building or infrastructure’s current obsolescence.  Their 
model optimized improvements over time in order to prolong the life and capability of 
the building, instead of letting it wither away with no investment and having to 
completely replace it early on (Grussing & Liu, 2014).  The general principles would be 
applicable to investments in energy-efficiency, as it would help homeowners prioritize 
their budget, but the specific example was not directly applicable.  The decision-making 
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models would be only loosely helpful for industry professionals, but none would 
accurately predict the results of any changes. 
 
Current Modeling Options 
 
 Currently, there are several modeling options marketed to construction industry 
professionals for use in energy modeling and design.  BEopt, REM/Design, the Passive 
House Planning Package (PHPP), and Autodesk Revit with Systems Analysis.  BEopt is 
designed by the U.S. National Renewable Energy Laboratory (NREL) as the graphical 
user interface for the EnergyPlus modeling software.  It includes the ability to draw 
custom buildings, including multi-family complexes, and to manipulate all inputs, 
including user-defined measures and costs.  Efficiency options can be user-specified or 
optimized, and all are tailored to the type of project, whether new construction or 
retrofits.  The outputs can be customized as well to detail hourly outputs by energy use, 
costs, or others, and all include full life-cycle analysis.  Locations can be customized, 
along with utility rates and weather data.  Of importance, BEopt is free to download, 
update, and use, making it significantly more accessible than other options, which may 
have an initial cost or a subscription cost (National Renewable Energy Laboratory).  
REM/Design is a sister product to REM/Rate, which is used by many energy raters to 
evaluate the final status of a built or designed facility.  The program, which requires a 
one-time $500 download fee, allows a user to calculate “heating, cooling, hot water, 
lights and appliance loads, consumption and costs for single and multi-family designs in 
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over 600 North American cities.”  It allows for the optimization of HVAC systems and 
both active and passive solar systems.  For existing homes, the program will identify 
“cost-effective energy improvements” and will rank all potential options by effectiveness 
based on user-specific economic criteria (NORESCO).  REM/Design would likely be 
useful for a designer who is working towards certification, but it does not allow as many 
customization options or output graphs as BEopt.  PHPP is another tool that was 
evaluated.  It was built specifically for the Passive House certification program, so its 
focus is on deep energy savings and nearly-net-zero-energy buildings.  The tool is 
intended to help designers meet the requirements for the certification, so it calculates 
quantities related to the certification.  The program outputs heating and cooling demand 
per year, along with maximum heating and cooling loads, renewable energy need 
requirements, and a frequency of overheating above 25 degrees Celsius with passive 
cooling systems.  The output of the program is an Excel document, which allows for 
simpler inputs than a separate interfacing program; however, in order to use the PHPP, a 
user must attend a full 10-day training session.  The software costs approximately $150, 
and the training is approximately $1,700 (PassiveHaus).  Although this software would 
be important for someone designing towards the Passive House certification, it does not 
function well for energy retrofits or for options that do not achieve the full energy 
efficiency of the Passive House program.  Autodesk Revit is another option that allows 
for energy modeling in design software.  Revit uses the EnergyPlus modeling software, 
which is the same one used by BEopt, but it incorporates the modeling engine into its 
proprietary software.  Revit has previously calculated annual peak heating and cooling 
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loads with EnergyPlus, and recently, the Systems Analysis tool allows for thermal zones 
to be created and manipulated individually.  The advantages of using Revit for energy 
modeling is that the tool is widely available and used in commercial applications and 
large construction projects, so having integral capability is important in those 
circumstances.  However, it does not have the same capability for small residential 
homes, because it focuses on HVAC systems instead of whole-home simulations.  The 
program also requires an investment of nearly $2,500 per year, which may not be cost-
effective for smaller companies (Autodesk Brings Detailed EnergyPlus HVAC Simulation 
to Revit, 2019; Autodesk).  Although all four programs offer energy modeling, 
simulation, and projection, each has advantages in certain circumstances, and not all are 
appropriate for the application in this case study, which is a small residential remodeling 
company. 
Based on the available software choices, this study used the BEopt model because 
compared to the other options on the market today, it is the most widely-accessible, most 
user-friendly, and most continually-updated model.  It is able to be used by construction 
industry professionals who do not have experience in mathematical modeling, and it 
continues to be updated by NREL.  The free price allows much wider adoption than a 
paid system.  With actual weather data input throughout the course of the study, its 
results will hew closer to actual, as determined by Rhodes et al. (2015) in their study of 
model homes in Austin, Texas.  The researchers created energy models for the homes, 
run with four different versions of temperature comparisons, and then compared those to 
the actual energy bills for the homes.  Overall, when averaged across the group, the 
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energy model was able to predict the energy requirements of a given home within 1%.  
However, individual houses could vary up to 28%.  The model was significantly more 
effective when local predicted Austin weather was used, giving a 9% variation, but was 
best when actual weather measurements were used, with a total 2.5% variation (Rhodes 
et al., 2015).  The authors did not evaluate reasons why the deviations may have been so 
severe in individual houses, or even why the deviation persisted across the average when 
actual weather conditions were used.  There was no discussion of occupant behavior 
trends or interviews with the target homeowners.  This study will build upon the Rhodes 
et al. study by evaluating various possibilities for the deviation from standard 
experienced in individual houses.  Rhodes et al. (2015) established that the model is 
effective over the average; this study will delve into the specifics of a case study to tease 
out homeowner behaviors causing deviations from the model’s predictions. 
 
Modeling Occupant Behavior 
 
 As discussed, the models that do exist account for variables in construction and 
home location, such as home size, insulation, window size, HVAC system, average 
outdoor temperature, home orientation, and others.  However, there are none that account 
for how an occupant will actually live in the house.  As multiple studies have shown, the 
impact can be a 50% increase in energy consumption vs the predicted value, which is 
significant and means that the models being used are not accurate and provide false data 
and expectations to the homeowner.  As Yao (2020) noted, simply incorrectly assuming 
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the behavior of occupants as it relates to window shade position can affect the energy 
consumption of a building by more than 5% (Yao, 2020).  When the Oak Ridge National 
Laboratory undertook a series of case studies in the metropolitan Atlanta area, the results 
showed a variance of -6% to +9% savings from expected, even with extremely detailed 
models being produced of each house prior to the remodel (Jackson et al., 2012).  Various 
authors, including Davis, Martinez, and Taboada (2020), have noted the need to 
incorporate human behavior into standard energy models.  The authors conducted a case 
study in northern Mexico, incorporating energy-efficiency technologies, and their 
modeling predicted a 26% decrease in electricity consumption.  However, at the end of 
the case study period, they found that the results were significantly lower than expected 
due to human behavior, resulting in essentially zero decrease in electricity use.  Their 
data showed that residents would keep their windows open, so the efficient insulation that 
they installed was ineffective (Davis et al., 2020).   Fabi et al. (2012) also emphasize the 
need for studies and models that take occupant behavior into account, because much is 
yet unknown about the relationship between homeowners or building users and the 
efficacy of the energy-consumption improvements either proposed or made to a home.  
Once the topic has been studied more extensively, the findings need to be included in 
mathematical models to allow realistic energy-consumption patterns to be forecasted. 
(Fabi et al., 2012, p. 197). 
By incorporating occupant behavior into an available energy model built for the 
construction industry, much of the research that has been done could be utilized by those 
who are actually building or improving the housing stock.  Instead, builders often rely on 
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incorrect information, such as those who focus on the air-tightness of houses as primary.  
As Fabi et al. (2012) found, those houses remodeled to be energy-efficient do not always 
meet code, as the homes had been tightened so much that occupants needed to “actively 
adjust building controls” for an adequate supply of fresh air.  They found that between 
50-90% of Californian homes had less than 0.35 changes per hour, indicating they were 
under-ventilated per the current local standards (Fabi et al., 2012, p. 192).  Because the 
lack of ventilation causes an increase in the effect of owner behavior, many of the 
benefits of increasing air-tightness were lost.  Those in the field need to understand the 
interconnectedness of occupant behavior and energy efficiency improvements, as only 
understanding one piece of the puzzle leads to a loss in potential energy savings gains. 
 
Homeowner Behavior Causes and Interventions 
 
 The current literature does express optimism for the future of the green 
remodeling and construction industries, and not just due to the increasing computing 
power allowing for more-accurate modeling.  If the industry can create a quality model 
that predicts behavioral effects as well, building occupants and owners can be convinced 
to “go green” and even potentially adapt to better behavioral practices.  The importance 
of understanding behaviors cannot be understated, as only with understanding comes the 
ability to address poor behavioral practices and potentially utilize various choice 
architecture strategies as a “nudge” to improve occupant behavior (Thaler & Sunstein, 
2009). 
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Among others, Boto-García and Bucciol (2020) evaluated personal characteristics 
and household qualities to determine why some make energy-efficiency decisions and 
strive for energy conservation, and others do not.  Some intractable characteristics, such 
as household income and personal values, were identified, which the authors did not 
purport to be changeable (Boto-García & Bucciol, 2020).  Others, however, are easily 
altered with the correct market tools.  Many households were unaware of the 
consequences of their actions with regards to energy usage, and do not understand 
precisely how their behavior affects their energy consumption (Kastner & Stern, 2015).  
Liang, Peng, and Shen (2016) used game theory analyses with building owners, single 
occupants, and groups of occupants to determine why green retrofits have not been as 
widespread as predicted, expected, or hoped.  The researchers found that split incentives, 
complex coordination, and uncertainty regarding the effectiveness of green retrofits were 
all factors that caused homeowners to be reticent to engage in energy-minimizing 
remodels (Liang et al., 2016).  Receiving energy consulting, or even a financial incentive, 
strongly influenced their decisions to choose “green” courses of action (Kastner & Stern, 
2015).  The trend held throughout the construction industry.  Bjørneboe, Svendsen, and 
Heller (2017) studied renovation projects in Denmark, and found that using a single-
source independent adviser to guide decision-making for energy retrofits would aid 
homeowners in expanding the scope of the “green” portion of their remodel.  The authors 
noted that homeowners generally “decide on maintenance and improvements based on 
their immediate needs or choose the cheapest solutions in the short term” when they are 
“unaware of the potential for savings in their houses.”  Additionally, they begin projects 
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“biased toward their initial starting point” instead of considering all possible options 
(Bjørneboe et al., 2017).  Based on the deep-energy-retrofit project conducted by the Oak 
Ridge National Laboratory, consumers reported that having a knowledgeable contractor 
who is able to guide them through the entire process, including education and product 
selection, is crucial.  The homeowners reported that having “access to unbiased 
expertise” was a “major motivation” in their participation in the study (Wolfe & 
Hendrick, 2013, p. 13). 
The decision-making process must be streamlined and made easier for the 
homeowner in order to encourage more people to choose “green” remodels.  This process 
should incorporate the “durability,” or remaining lifetime of various components, the 
“functions,” or the wishes of the homeowner, and the “energy,” or the identified 
beneficial improvements, in order to ensure a renovation meets the needs of the 
homeowner while delivering the best product possible (Liang et al., 2016).  Although 
there is a price premium for “green” products of 5-10%, NAHB has found that most 
customers are willing to pay at least 5% additional for their green features and energy-
saving techniques (Dodge Data & Analytics, 2020).  Providing contractors with training 
and an independently-developed energy-use-analysis tool, which is necessary to make the 
process more effective, would presumably support their decision-making in choosing 
energy-conserving products and techniques in their remodels (Bjørneboe et al., 2017). 
With behavioral understanding and occupant motivation comes the ability to 
apply various choice architecture strategies in order to ensure the homeowner finds it 
simple to act in accordance with the energy-minimization qualities of a high-performance 
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home.  Ehrhardt-Martinez (2010) noted that behavioral interventions alone can result in a 
decrease of 4 to 12 percent energy usage in a household (Ehrhardt-Martinez, 2010).  Li et 
al. explored additional psychological interventions and determined that the best approach 
combined increased information and education, such as the unbiased expert with a 
decision-making model proposed previously, with rewards and propaganda (Li et al., 
2020).  Tiedemann (2010) noted that providing additional information led to an average 
reduction of 8 percent in energy usage, goal setting reduces energy usage by 10 percent, 
rewards drop energy consumption by 7 percent, and giving consumers feedback on their 
energy usage led to a 9 percent reduction (Tiedemann, 2010). Similarly, Chiu, Kuo, and 
Liao (2020) evaluated energy-efficient behaviors and how they could be changed through 
the use of psychology and technology.  The study was small, using just plug-loads in a 
residence, but they found that by providing people with information about their energy 
usage, information about how it compared to their peers and neighbors, and a reward for 
successful efficient behaviors, they were able to reduce the energy consumption of 
participants by 50%.  The most effective method, in fact, was providing comparative 
information regarding how they efficient they were in relation to their peers and 
neighbors (Chiu et al., 2020).  Donnelly (2010) demonstrated similar results in their 
study, noting that “descriptive normative messaging” describing one’s energy usage 
compared to that of one’s nearby neighbors, is a powerful stimulus for change (Donnelly, 
2010).  Lapsa, Brown, and Chandler (2010) conducted case studies to determine the 
impact of utility company policies on energy reductions.  Although they noted potential 
challenges in implementation, policies such as smart meters and demand response, where 
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loads are shed when the energy company nears peak clean energy production, along with 
direct financial stimuli for either undertaking energy-efficient upgrades or simply using 
less energy, showed a demonstrable reduction in energy use among the study households 
(Lapsa et al., 2010). 
Mechanical interventions, such as limiting thermostat settings or blind positions, 
were also shown to be effective in a commercial building during a study by Aria and 
Akbari (2014).  The authors modeled energy use using the variables of dimmable shades, 
light position, heat from occupants, ventilation rate, heat from internal lights, and solar 
heat gain, among others.  The analysis was done over a multi-hour period to get the best 
overall energy efficiency, vice just a single- or several-hour analysis.  Simply by 
inputting some control over the variables, the authors demonstrated a 35% savings in 
electricity use for the building (Aria & Akbari, 2014).  This study does not provide a 
direct transfer of results to a residential setting, as the original builder cannot exert 
control over thermostat settings or blind position.  However, the concept of mechanical 
support for behavioral interventions could take the form of “smart” homes that allow 
residents to easily turn off lights and turn down the HVAC system when they depart, or 
even blinds that automatically come down during the highest period of solar gain.  
Donnelly’s (2010) study of numerous technological innovations noted similar findings, in 
that a “sophisticated home automation network” is able to support occupants’ behavioral 
changes, especially if that network is paired with a monitor that detects energy usage and 
suggests changes to save energy and money, such as reducing the thermostat by two 
degrees (Donnelly, 2010).  The initial requirement is to understand the impact of 
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occupant behavior, then psychological and mechanical interventions can be incorporated 
to further reduce energy use. 
Various other studies proposed options for increasing energy-efficiency uptake, 
including government programs and creative financing, although not all of them proved 
successful.  Fowlie, Greenstone, and Wolfram (2018) studied a residential energy-
efficiency program and determine that the initial outlay is twice the actual energy 
savings, and the projected savings are 2.5 times as high as the actual savings.  They did 
look at low-income households that were provided assistance, and other studies have 
noted that household income is strongly correlated with energy savings and behavioral 
changes.  Household income may have been a factor in the results of this study, but the 
outcome was that the governmental programs were not nearly as effective as anticipated 
(Fowlie et al., 2018).  Shen et al. (2017) studied the Public-Private Partnership (P3) 
financing concept for energy-efficient renovations, and noted there was moderate success 
gained by paying dividends based on energy savings, increasing the usage of the building 
during a concurrent renovation, and allowing profit from government or tax subsidies 
(Shen et al., 2017). 
 
State of the Green Construction Industry 
 
Additional inspiration can be taken from the steps the industry as a whole is 
taking towards increasing the uptake of “green” projects.  As Memari et al. (2014) 
describe in their study on the innovations in the residential building industry, the 
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challenges facing the industry, and the way forward, the industry is “embracing smaller 
homes, considering the environment to provide improved indoor air quality, greater 
durability, and more-sustainable greener homes, and effectively engaging new resident 
demographics and advancing housing generally by providing more technology-savvy 
homes” (Memari et al., 2014, p. 7).  The Home Energy Rating System (HERS) has been 
implemented throughout the industry, and numerous net-zero-energy demonstration 
projects have been undertaken.  Technology has continued to be adopted throughout the 
industry, both on the construction side and the operations side (Memari et al., 2014, pp. 
9-11).  Ali’s (2008) point paper on utilizing “energy-efficient architecture and building 
systems to address global warming” exhorts the industry to continue building upon the 
base of “green” building and adopt more innovative techniques, such as photovoltaic, 
combined heat and power, and double-skin facades.  Ali challenges the industry to view 
climate and the environment as an “advantage, rather than being treated as adversaries, 
and buildings become sources of energy, like batteries” (Ali, 2008).  The number of 
whole-home retrofits have been increasing, as the industry has “focused on achieving 
deeper savings from retrofits through a more methodical approach, using diagnostic 
methods to determine which combination of measures can achieve the greatest savings” 
and performing deep retrofits, which view the whole home as a single system, instead of 
simply upgrading one portion without considering the whole (Wolfe & Hendrick, 2013, 
p. 3).  Vanegas and Pearce (2012) present a thesis for incorporating sustainability across 
the architecture, engineering, and construction industries and throughout the entire 
lifecycle of planning, procurement, design, construction, operations, and end-of-life 
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(Vanegas & Pearce, 2012).  Lapsa et al. (2010) argue for increasing energy standards 
throughout the industry, including stronger energy codes and better enforcement of 
existing energy codes, expanded use of home energy ratings, and mandatory disclosure of 
energy performance information (Lapsa et al., 2010).  The industry is moving towards 
greater integration of sustainability; however, for the most effective uptake, the average 
professional must be equipped with quality tools and information. 
Other researchers present distinct case studies in order to provide concrete 
guidance to industry professionals, such as Cattano et al. (2013).  The authors used the 
case study of a net-zero-energy remodel of an 1800s Victorian to demonstrate that 
although barriers exist during a green remodel of an existing building, they can be 
overcome with suggested solutions.  The barriers identified were pre-existing conditions 
not found until later, not accounting for interactions between building systems, not 
coordinating energy retrofits with other renovations, a lack of industry familiarity with 
sustainability and poor measurements of the benefits of sustainable renovations (Cattano 
et al., 2013).  Many of these barriers can be overcome through the use of a whole-home 
energy forecasting tool as described previously, which identifies system interactions, 
accounts for occupant behavior, clearly measures the impact of the renovations, and 
allows for wider industry adoption of green practices through its simplicity of use. 
Despite the progress of the construction industry as a whole towards a more 
sustainable future, the uptake in green projects remains low.  50% of residential 
remodelers surveyed by NAHB in 2020 performed zero green remodels, which 
demonstrates that there is a large possibility for uptake if the processes become simpler 
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and the tools become more accurate (Dodge Data & Analytics, 2020).  The models 
available today are either complex and mathematical or do not transfer easily to existing 
design and operations software already in use.  None account fully for occupant behavior, 
thereby leaving out a major contributor to the overall energy efficiency of a remodel.  By 
understanding the effect of the occupants in a more thorough manner, models can be 
made more accurate, and strategies can be devised to work with average human 
tendencies to maximize the energy savings of a given building using choice architecture.  
As noted by Branco et al. (2004), the understanding of building operation is necessary to 
“understand differences between theoretical and real [energy] consumption of buildings,” 
allowing the “transfer of new technologies to reality” (Branco et al., 2004, p. 553).  A 
great potential exists to lower energy consumption by “improving the energy efficiency 
of the existing residential housing stock” (Zmeureanu & Marceau, 1999).  By 
understanding the full range of factors that contribute to energy efficiency, the industry 
can design systems to reduce energy use throughout the life cycle of a building, and 
thereby reduce the quantity of energy used per year by residences, avoiding further 










Data collection began with the building of a detailed, as-built energy model.  The 
model was created in the BEOpt software, developed by the National Renewable Energy 
Laboratory, and run using the EnergyPlus simulation engine from the U.S. Department of 
Energy.  All assumptions in the simulation are derived from the Building America 
Housing Simulation Protocols (BEopt: Building Energy Optimization Tool.).  The first 
draft of the model was created based on the original plans generated by the architect, 
Heyrich Architects.  These plans served as the basis for the model floor plan and 
elevations.  The builder was then brought in to help complete the model, as many of the 
details that needed to be input required the builder’s knowledge of the techniques and 
materials used during construction.  There were several options wherein BEOpt did not 
have a suitable choice, so either the closest option was chosen, if there was a suitable one, 
or a custom one was built to reflect the actual conditions of the home. 
For instance, the options for an unfinished attic in BEOpt included combinations 
of vented or unvented, fiberglass or cellulose insulation, open cell or closed cell spray 
foam.  However, there was no ability to choose multiples within a category; instead, the 
option was only spray foam or fiberglass / cellulose insulation, not a combination thereof.  
The builder had instead applied closed cell spray foam to the beams and framing of the 
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ceiling, then fiberglass batting on top of the foam on the floor of the attic.  The only 
option for framing spacing was 24 inches on-center, but the case study home had 16-inch 
on-center beams.  The roof itself was not insulated at all, but the BEOpt options table had 
various settings that required an insulated roof.  Because this was a unique case that was 
not reflected in the default options and therefore would not have been simulated by 
choosing one of the existing options, a new choice was created.  The BEOpt software 
allows for custom choices, but still moderately restricts which combinations can be 
merged.  Since it was not possible to choose an option that directly represented “closed 
cell foam on top of fiberglass batting,” an R-value was relied on more heavily, which 
could be input correctly, instead of the other options.  This may have introduced some 
amount of error, but it was closer to actual conditions than simply choosing one of the 
default options.  The final attic and roofing option that was used can be found in 
Appendix B, Table B-2. 
 In addition, the options for wall construction and insulation, air leakage, and 
natural ventilation were insufficient and had to be revised.  Custom options can be found 
in Appendix B, Tables B-3 through B-5.  The remainder of the options were selected 
from among the BEOpt pre-existing choices.  These were not necessarily an exact fit for 
the construction of the home, but they represented a close choice that satisfied the 






 Data was collected from August 8th, 2020, through January 12th, 2021.  There was 
some residual data in the dataset from days before and after, based on when the whole-
home energy monitor was installed and when the data was harvested for analysis.  The 
Sense data monitor was installed and began collecting data starting on August 8th, and the 
Ecobee thermostat was installed and began collecting data on August 7th.  Sense and 
Ecobee were never un-installed, so those both continue to generate data for use in a 
potential future study.  The survey concluded on January 12th so that data analysis could 
begin.  The data set was slightly truncated on both ends to ensure the best possible data 
for analysis was included.  In cases where the model needed to be compared to energy 
usage with no input from the occupants, data analysis could begin on August 8th; 
specifically, at 10 pm when the monitor began recording.  However, any data analysis 
based on survey inputs includes only data beginning on August 11th, when the occupants 
inputted the first survey response.  The included dates had quality data with no gaps and 
survey responses from the case study home occupants.  Graphs are included for reference 
in the analysis section below; however, all graphs are reproduced in full-size format for 







Step 10 – Analysis, Overall Energy Comparison 
 
 The first step in analysis was to determine the overall deviation between modeled 
energy usage and actual energy usage, thereby accomplishing step 10 of the study 
methodology.  Using only August 8th, 2020, at 10 pm through January 12th, 2021 at 12 
pm, the model predicted 2,539 kWh of energy usage, and the Sense monitor calculated 
2,542 kWh of energy usage. 
 
Dates Modeled Energy Usage Actual Energy Usage 
Aug 8th – Jan 12th 2,539 kWh 2,542 kWh 
Table 3-1: Modeled and actual energy usage for the entire study period 
 
This deviation represents a 0.12% difference, which appears to be nearly 
negligible.  However, expanding into daily and hourly totals shows an interesting 
deviation between the modeled and actual energy usage.  In the Sense data, there are 
significantly more spikes and troughs when viewed daily, as in Figure 3-1, and even more 
when viewed hourly, as in Figure 3-2.  The daily usage appears relatively similar to the 
modeled usage, but when the analysis is taken to the hourly level, as in Figure 3-2, the 
high peaks of actual usage are visible.  This reflects how the occupants actually use 
electricity, instead of a flattened modeled curve.  The model appears to generally predict 
the average overall usage given a long enough period of time, but rarely, if ever, predicts 
actual usage on an hourly basis.  
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Figure 3-1: Modeled and actual energy usage, viewed daily, with trend lines plotted 
M
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Figure 3-2: Modeled and actual energy usage, viewed hourly, with trend lines plotted 
M
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 With a basic trend line added to each data set, the daily energy usage appears 
lower than the modeled energy for the first half of the study, then by the end of the study, 
the homeowners appear to be using more energy, on average.  This is verified by dividing 
the data set into two subsets and taking the totals for each.  Prior to November 1st at noon, 
the model predicted 1,406 kWh of usage, while Sense only recorded 1,342 kWh of usage.  
From November 1st at 12:00:59 pm through the completion of the study, the model 
predicted 1,133 kWh of usage, while Sense recorded 1,200 kWh of usage. 
 
Dates Modeled Energy Usage Actual Energy Usage 
Aug 8th – Jan 12th 2,539 kWh 2,542 kWh 
Aug 8th – Nov 1st (12:00:00 pm) 1,406 kWh 1,342 kWh 
Nov 1st (12:00:59 pm) – Jan 12th 1,133 kWh 1,200 kWh 
Table 3-2: Modeled and actual energy usage, split on Nov 1st 
 
Additionally, if daily usage by device is graphed, the “always on” number 
recorded by Sense spikes around November 18th and remains high throughout the 
completion of the study. 
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Figure 3-3: Usage by device by day, with Always On highlighted for clarity, and a reference line placed on 








Combined with a homeowner interview, these pieces of data point to the possible 
effect of employment.  The homeowners had employment outside the home through 
approximately November 1st, then transitioned to working from home.  Their fall 
employment consisted of 12-hour days on weekends for both of them, and about 8-10 
hours on weekdays for at least one and sometimes both.  After the fall season, they 
worked from home nearly exclusively, so it follows that their energy usage was higher 
than the model predicted. 
 
Step 11 – Analysis, Actual and Predicted Temperatures 
 
Step 11 of the methodology called for a comparison of outdoor air temperatures 
throughout the course of the study.  The Ecobee average temperature was recorded as 
52.28°F, while the predicted average according to the model was 53.56°F.  Overall, the 
time period of the study appeared to be slightly colder overall, by 1.8%, than the weather 
data set, which was an average of temperatures from 2004 through 2018 at a site location 














Although this difference could potentially have affected their heating usage by 
causing an increase in heating requirements, their heat source is propane, so this would 
not have been reflected in the data.  However, the colder-than-average temperatures could 
also have affected their air conditioning usage, leading to an overall decrease in 
requirements during the cooling months.  The model expected 270 kWh of cooling 
energy requirements, and the Sense monitor only recorded 184 kWh.  A portion of this 
difference could be attributed to the cooler-than-average temperatures, although not 
likely the entire difference. 
In addition, there were a few distinct periods of warmer-than-average 
temperatures that may also have affected the homeowners’ usage of air conditioning.  
These periods were September 23rd through 29th, October 20th through 24th, November 4th 
through 15th, and January 2nd through 12th.  Although the January timeframe would not 
normally have led to air conditioning usage, the Sense monitor recorded air conditioning 
activation in January during a particular warm spell.  However, the average outdoor 
temperature was around 38°F, so this was likely an anomaly, either with the data 
monitoring sensor or with the usage and activation of the AC system itself. 
 
Step 12 – Analysis, Thermostat Settings 
 
 A major premise in the builder’s theory of occupant behavior involved setting the 
thermostat at 68°F during the heating months, and 78°F during the cooling months.  The 
assumptions on which BEOpt is based provide for a 65°F thermostat during the heating 
months, and a 75°F thermostat during the cooling months.  The occupants adhered to 
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neither set of guidance, and instead had an average cool set temperature of 71.20°F, 
which was 5.33% below the recommended model temperature and 8.72% below the 
builder’s guidance temperature.  During the heating months, the occupants set their 
thermostat at an average of 68.04°F, which matched closely with the builder’s guidance, 
only deviating by 0.05%, but was 4.62% above the model recommended temperature.  
Figure 3-5 shows the thermostat settings graphed against a gray bar representing the 65°F 
to 75°F recommended BEOpt band, and figure 3-6 shows the same thermostat settings 
graphed against a gray bar representing the 68°F to 78°F builder’s recommended band. 
 
Season Guidance Authority Reference Setting Actual Setting 
(Average) 
Deviation 
Cooling BEOpt model 75°F 71.20°F -5.33% 
Cooling Builder 78°F 71.20°F -8.72% 
Heating BEOpt model 65°F 68.04°F +4.62% 
Heating Builder 68°F 68.04°F +0.05% 
























 The occupants demonstrated a strong preference for a cooling setting of 72°F in 
the summer and a heating setting of 68°F in the winter.  During interviews with the 
homeowner, this arose as a point of contention, as one occupant was very strongly set on 
a cooling thermostat setting of 72°F, and the other would have preferred 75°F.  The 
thermostat was sometimes set to 75°F overnight, from approximately 10 pm to 6 am; 
otherwise, it was set around 72°F.  There were a few occasions when they would also set 
the heat to 72°F during the cooling season, such as September 15th through 21st, and 
September 28th through October 1st.  There was a clear, strong preference for that 
temperature. 
 Despite the deviation between recommended thermostat settings and actual 
thermostat settings, the average indoor temperature across the entire study hewed closely 
to that which the model predicted.  The average indoor temperature, according to the 
BEOpt model, should have been 69.68°F, and the average indoor air temperature, as 
recorded by the Ecobee, was 69.52°F.  Although the model had higher swings in 
temperatures when the thermostat was set to higher temperatures during the cooling 
season and lower temperatures during the heating season, overall, the indoor temperature 
was, on average, very similar. 
 
Step 13 – Analysis, Individual Device Usage 
 
 In order to determine the efficiency of appliance usage, a Sense whole-home 
energy monitor was installed.  Sense is a monitor that is installed at the main home 
electrical panel to measure all electrical loads within the home.  It uses machine learning 
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to parse out various devices using electricity in a home, relying on the principle that 
nearly every device uses electricity in a different manner.  For instance, a toaster provides 
a simple resistive load pattern, see Figure 3-7, top, whereas an incandescent light bulb, 
although similarly a resistive load, creates a significantly different pattern when 
illuminated, see Figure 3-7, bottom (How Does Sense Detect My Devices?. 2016) 
 
Figure 3-7: Top: the electrical signature of a toaster oven; bottom: the electrical signal of an incandescent 
light bulb (How Does Sense Detect My Devices?. 2016) 
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 Once the Sense software determines it has found a new device, it names the 
device with the generic type of device, such as “light” or “heat” and a number.  For 
example, the first heat source that Sense detects is called Heat 1.  The homeowner is then 
notified via a means of their choosing, such as a smartphone notification, and they are 
given the opportunity to rename the device to reflect its specific usage within the home.  
Sense provides two additional pieces of aid for homeowners looking to identify the 
generic device.  First, it provides a list of sample names, such as “Coffee Maker” or 
“Dishwasher.”  It also includes a percentage likelihood next to each name, reflecting 




Figure 3-8: A sample heat-producing device awaiting naming (Sense Web Application: Devices.). 
 
The homeowners then deduce which device is actually producing that signal, via 
alerts when the device turns on and off.  When they determine what it is, they are then 
prompted to rename the device in order to allow for ease of tracking.  Sense may also 
detect multiple pieces of a given device, such as a furnace heating element and fan, or a 
washing machine heater and motor.  These devices can be merged in order to provide a 
fuller picture of the electrical usage of the entire device itself, such as in Figure 3-9. 
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Figure 3-9: The “furnace” device in this home has been created by merging two separate detected devices 
(Sense Web Application: Devices.) 
 
The machine learning in Sense has been programmed with a wide range of device 
signatures, and continues to improve as additional users identify devices, which feeds 
back into the machine learning algorithms.  Sense has been on the market since 2015 
(Phillips, 2016) so the monitor was a proven choice to use for detecting the energy usage 
of various devices in the test home. 
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There were a few potential challenges to overcome in the use of Sense for this 
specific project.  The first involved the homeowners themselves.  Since they were the 
ones in charge of figuring out which electrical signature belonged to which specific 
device, they may potentially have induced error.  If they mistakenly labeled a coffee 
maker as a toaster or vice versa, the overall electricity used by each of the two devices 
would not have been accurate.  By the completion of the study, the homeowners were 
still unable to figure out various smaller-usage devices and kept them labeled as “Heat 
1,” “Motor 1,” or “Light 1.”  They were able to deduce the majority of the devices, and 
they figured out all of the devices using significant quantities of energy.  However, this 
could be a potential source of error, as they could have labeled some of these incorrectly.  
Prior to the installation of the Sense monitor, the homeowners were educated on how to 
figure out which device was being detected, and they ended up enjoying the hunt for each 
device.  Based on their willingness to spend some time turning various devices on and off 
and watching the monitor change, they appear to have spent enough time that they were 
generally accurate in labeling the devices. 
A second challenge was the installation timing of the Sense monitor.  The monitor 
was unable to be installed until the beginning of the study, so it had no ramp-up ability to 
find devices prior to commencement.  It did immediately begin identifying the total 
electricity usage of the home, and it did quickly find many major appliances within the 
first two weeks of installation.  Table 3-4 lists the date of discovery of many of the major 
appliances.  However, some others took longer to discover, such as the guest room light 
bulbs, that were not found until November 3rd, 2020. 
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Appliance Name Date Discovered Notes 
Bedroom Lights August 9th, 2020 These were found early because the 
homeowner connected their Hue bulbs 
directly to the Sense application 
Dehumidifier August 17th, 2020  
Refrigerator August 17th, 2020  
Air Conditioner August 18th, 2020  
Coffee Maker August 20th, 2020  
Dryer August 20th, 2020  
Microwave August 21st, 2020  
Furnace September 21st, 2020 Based on temperatures, this was likely 
the first usage of the season 
Guest Room Lights November 3rd, 2020  
Table 3-4: Various appliances and discovery dates in the case study home 
 
 A final challenge was a limitation based on the energy sources of the home.  The 
case study home is heated by propane, which also fuels the hot water heater, the cooking 
range and the oven.  Because the Sense monitor only calculates electricity usage in its 
installation on the electrical panel, the study was unable to measure the total energy usage 
of the home from all sources.  Sense did detect certain portions of those devices, such as 
an electric heating element within the furnace, but the Sense numbers do not reflect the 
total energy usage of the propane-powered devices.  However, since the BEOpt model 
was able to delineate between electrical and propane usage, the total electric use between 
the model and the case study home could be compared directly. 
 Overall, the device with the largest quantity of electricity used over the course of 
the study was the dehumidifier.  Since Sense was using machine learning, it is possible 
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that because the dehumidifier was found first, the total amount of electricity used was 
highest.  However, it is more likely that it was found first because it was using the most 
electricity and therefore had the easiest-to-identify signature.  The dehumidifier also 
remained among the highest individual daily usages throughout the study, as noted in 
Figure 3-10.  The air conditioner, which was detected only the day after the dehumidifier, 
used only half the total electricity of the dehumidifier.  The dryer, which was found two 
days later, used one-fifth the electricity of the dehumidifier.  The furnace likely used 
significantly more total energy than is shown in Figure 3-10 because the energy value of 
the propane burned was not accounted for in the Sense data. 
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Figure 3-10: Total usage by device, as found by the Sense monitor 
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When comparing this usage to the BEOpt model, it appears that the large 
appliances in the case study home used less electricity than projected, but the furnace 
used significantly more than projected.  Lights and cooling were very different between 
the model and the energy monitor. 
 
Figure 3-11: Total usage by device, as predicted by the BEOpt model 
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Table 3-5 below shows the differences in various categories between the case 
study home and the BEOpt model. 
 





505.7 kWh 573 kWh -12% 
Cooling (air 
conditioner) 
184.1 kWh 340 kWh -45.9% 
Heating (furnace) 161.8 kWh 47 kWh +244.3% 
Lights (bedroom, 
living room, guest 
room) 
16.7 kWh 517 kWh -96.7% 
Miscellaneous 
(total minus all 
other categories) 
1601.8 kWh 1,063 kWh +50.7% 
Table 3-5: Actual and predicted usage of various device categories 
 
The difference between cooling and heating could partially be attributed to the 
differences between actual temperatures and modeled temperatures; since the case study 
period was cooler than average, the homeowners would have used less air conditioning 
and more home heating.  It is also possible that Sense did not detect all components of the 
air conditioner, such as the “cooling fan/pump” detailed in the BEOpt model, but instead 
was providing data for only one portion of the air conditioning system.  Lights could 
potentially have fallen in the same Sense challenge detailed previously, that the machine 
learning could not parse each individual light bulb.  Because the miscellaneous category 
is so much higher in the case study home, it is likely that Sense was unable to find 
 78 





Step 14 – Analysis, Survey Responses 
 
 
A survey was requested from the occupants of the case study home daily 
throughout the course of the study.  The entire study encompassed 154 days, and survey 
responses were received for 75 of those days, which represented a 48% survey response 
rate.  The survey was set up with a smartphone-compatible layout, a calendar event and a 
reminder to their phone at 8 pm daily.  Overall, the system for garnering survey responses 
was only moderately effective. 
When analyzing occupant behaviors such as opening windows, only days with 
survey data were analyzed for the effects of behavioral changes.  Without a survey 
response, there was not adequate information on the daily routine of the residents to draw 
conclusions. 
Overall, on survey response days, Sense totaled 1214 kWh and the model totaled 
1176 kWh, representing a 3.2% overage.  During an interview conducted after the 
conclusion of the case study, the occupants noted that they were more likely to remember 
to complete a survey when an event occurred that was out of the ordinary, which may 
potentially have contributed to the increase in energy usage on days when they completed 
a survey.  During the same interview, the occupants were asked for further data regarding 
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their presence or absence in the home, and their work schedules throughout the case 
study period.  They provided the information in Table 3-6. 
 
 
Date(s) Unusual Event 
August 11th – 14th, 2020 Single occupant 
August 15th – 18th, 2020 No occupants 
August 27th – 30th, 2020 No occupants 
September 24th, 2020 Single occupant 
October 1st – 5th, 2020 Two extra guests 
October 8th – 11th, 2020 No occupants 
October 12th – 16th, 2020 Two extra guests 
October 26th – 30th, 2020 Single occupant 
November 1st, 2020 Final day of a 7-day outside-the-home 
working weeks, transitioned to working 
from home 
November 12th – 15th, 2020 No occupants 
December 28th – 31st, 2020 Windows open daily for COVID 
mitigations 
January 1st – 5th, 2021 Single occupant 
Table 3-6: Selected responses from survey data 
 
Overall, their energy usage based on occupant status followed a predictable 
pattern.  When there were no occupants in the house, the home used significantly less 









(Same Dates in 
BEOpt Model) 
Deviation 
No occupants 0.5092 kWh 0.6899 kWh -26.2% 
Single occupant 0.6541 kWh 0.6186 kWh +5.7% 
Two occupants 0.7405 kWh 0.6949 kWh +6.6% 
More than two 
occupants 
0.6530 kWh 0.6240 kWh +4.6% 
Table 3-7: Electricity usage based on occupancy 
 
A few additional factors were discussed during the post-case-study interview with 
the occupants.  Although they did not provide information on which occupant was home 
during the single-occupancy periods, their behavioral differences would likely have 
affected the electrical usage of the home.  One resident was a heavy technology user, 
working from home in an advanced computing suite that was likely using large quantities 
of electricity.  This same resident also preferred cooler temperatures during the cooling 
season, so was likely using more air conditioning electricity.  The other occupant worked 
outside the home more often, but used large appliances to a high degree.  The second 
occupant also preferred warmer temperatures during the cooling season, so likely would 
have demonstrated a smaller air conditioning electricity usage.  Although these 
differences were unable to be parsed, they would likely have appeared if data at that 
detail could have been analyzed.  Because the differences between the two occupants 
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were so great, it could potentially have affected the single-occupant electrical usage, 
depending on which occupant was home alone more often. 
The time periods with additional guests were during the dates wherein both 
occupants of the house were working long days and full weeks outside the home, up to 14 
hours per day on weekend days, and 8 hours per day during the week.  Although the two 
guests spent the majority of their time working from inside the case study home, because 
the other two occupants were generally gone during the day, this may have mitigated the 
effect of the additional bodies on the electricity usage of the case study home. 
One notable insight from the study was that their window opening behavior had 
almost nothing to do with the temperature either inside or outside the home.  Instead, they 
only opened windows when they wanted to deal with interior odors, when their cooking 
smoked up the kitchen area, or for COVID mitigations, either to ensure airflow when 
guests were present or for a short period of time in late December when one occupant 
was suspected to have COVID.  The provided air movement solutions, including the 
hood vent and one indoor fan per bedroom, were inadequate, so instead, they opened 
multiple windows to allow for air movement. 
An insight from the data that supports their conclusion that temperatures were not 
the cause of their window-opening behavior is that on days when they opened windows, 
they did not change their thermostat or turn off their heating or cooling systems.  Because 
they did not open windows in response to temperature discomfort, they also did not open 
them for long enough to change the thermostat.  In addition, some days, they opened 
windows for COVID mitigations, so they were deliberately running the HVAC systems 
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with the windows open, such as December 28th through 30th.  If they had actually 
changed their thermostat setting on days when they opened the windows, one would 
expect the data to show a higher cool set temperature and a lower heat set temperature, 
which would indicate that the systems were running less on those days.  Instead, the data 
demonstrates the opposite, that their thermostat was set lower on cooling days and higher 
on heating days when they professed to have opened the windows, as shown in Table 3-8.  
However, the deviation was relatively small, indicating that, as they noted during the 
interview, they likely did not change the thermostat when their windows were open. 
 
 Cool Set Temperature Heat Set Temperature 
Days with Windows Open 70.30°F 68.13°F 
All Days 71.20°F 68.04°F 
Deviation -1.3% 0.1% 






 Overall, this study provided some valuable insights into the behavioral aspects of 
life in a high-performance home.  In order to ensure that these insights would be 
incorporated in a useful manner, the final step in the case study methodology was to 
conduct a discussion with the builder after completion.  A second interview with the 
builder was conducted once all analysis was complete to share the findings of the case 
study and suggest methods of implementation to improve the way future occupants live 
in his high-performance homes. 
 The first recommendation was to alter his guidance for heating and cooling 
thermostat set temperatures.  Although his desired heating set temperature of 68°F was 
reasonably easy for the occupants to accomplish, they chafed at his suggestion of 78°F 
during a discussion with them after the conclusion of the study.  During the duration of 
the case study, they tended to hold either 72°F or 75°F.  The recommendation to the 
builder was a new set of guidance temperatures of 68°F for heating and 75°F for cooling.  
Although the occupants still would not have met this updated guidance for cooling set 
temperatures, it appeared more attainable than 78°F, which they never approached.  
Additionally, during the pre- and post-case-study interviews, it appeared that there was 
one occupant who was set on a 72°F set point, and one who thought that was too cold.  
Because there was disagreement between the occupants themselves, the new 
recommendation could not be the 72°F set point that they normally used.  The 75°F set 
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point was also the one used by BEOpt, derived from the Building America Housing 
Simulation Protocols, so is closer to an agreed-upon industry standard than 78°F.  It was 
recommended to that the builder change the guidance in his handout to all future 
occupants to reflect 68°F and 75°F set points, which appears more attainable and more 
aligned with industry standards. 
 Based on this change in guidance and the increased usage of HVAC systems as 
compared to the builder’s guidance of minimal usage during the shoulder months, a 
second recommendation was to install high-efficiency HVAC systems.  One major aim of 
this interview was to determine ways that the builder can work with the behavioral 
tendencies of his occupants instead of designing buildings that fight them.  Accepting that 
they will be using the HVAC systems more than anticipated, if the builder installs high-
efficiency HVAC systems, he will recapture as much energy savings as possible. 
 Another recommendation for a change in guidance relates to window opening 
behaviors.  The guidance from the builder was generally not met by occupants.  Instead 
of opening windows based on interior and exterior temperatures, they opened windows in 
response to additional air movement requirements, when it was smoky or odorous inside, 
or as a COVID mitigation.  The recommendation to the builder was to provide for 
additional and stronger indoor air movement options to prevent the occupants from 
needing to open windows while also running HVAC systems.  During multiple 
interviews with the occupants, they noted that if they cooked fish, the home smelled like 
fish for “multiple days.”  They were generally very dissatisfied with the air movement 
options.  During an interview with them, their air movement options were tested using the 
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smoke from an incense stick to see how effective their hood vent and other fans were, 
and it was found that unless the incense stick were placed within twelve inches of the 
hood vent, the air movement provided was not enough to remove the smoke from the 
stove area.  The hood vent is especially high in the case study home, as the above-stove 
cabinets were short and installed high, and the hood vent is a low-quality builder-grade 
appliance.  There are no fans in the kitchen, dining area, or living area to aid in air 
movement, and with a low-efficiency hood vent, the occupants were very dissatisfied 
with the air movement capabilities of the home.  At the moment, the builder’s priorities 
are to provide for a tight home, and he does not place equal importance on air movement 
options within the house.  When presented with this recommendation, the builder agreed 
that he has had similar issues with rental property tenants in buildings that he has 
constructed in the past.  They end up with mold in the bathroom because the bathroom air 
is stagnant, and overuse the HVAC systems, causing premature failure.  These anecdotes 
cemented the need for additional air movement options, which would allow residents to 
evacuate air as needed, whether for comfort, cooking odors, or excessive moisture. 
 A final recommendation regarded the air tightness of the home.  The builder 
estimated that the home was exceptionally tight, and when building the model, his 
estimated figure of 0.3ACH50 was used.  At the conclusion of the case study, a blower 
door test was performed to validate his assumptions.  The result was significantly 
different than anticipated, and the test was performed twice to ensure the data was 
correct.  The overall average air tightness of the home ended up being 4ACH50, which is 
an order of magnitude different from his original estimate.  Some time was spent 
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identifying individual sources of air leakage to determine whether it was a single source 
or multiple causing the deviation, and found one major leak and a few minor sources.  
The major source was a porthole in the basement wall that looked into an area below the 
deck, which was not adequately caulked when it was installed.  Minor sources included 
areas around window trim, specifically, at the corners where the trim pieces met and 
where the trim met the sill; and multiple spaces where the original chimney and fireplace 
met the new construction, such as where the drywall met the brick along the vertical wall, 
and the area where the hardwood floors touched the original brick hearth of the fireplace.  
The builder did an excellent job insulating and foaming where the wall met the 
foundation, around the basement walls, and around specific intrusions such as the 
bathroom fan vents and the kitchen hood vent.  However, he clearly missed a few small 
areas, such as the basement porthole, the windows, and the chimney, and those few areas 
caused a significant difference in the overall ACH50 rating of the house.  The 
recommendation to the builder was to assume a higher ACH50 rating for the homes he 
constructs, without changing his methods for meticulous sealing.  If he continues to work 
towards sealing as many areas as he can find, he will lower the ACH50 rating as much as 
possible, but based on the outsize impact of the few areas found during a blower door 
test, he should not assume that his efforts result in a 0.3ACH50 rating.  Instead, he should 
plan for a 3-4ACH50 in his efficiency calculations, which will provide a more accurate 
energy estimate for the home.  Alternatively, the builder could perform multiple blower 
door tests during the construction phase of the home.  If a test was performed prior to 
insulating, for instance, many of the sources of air leaks, such as around the chimney, at 
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window seals, and from a basement window, could have been identified early and 
caulked prior to being covered in drywall or paint. 
 
Limitations and Contribution 
This case study contributes to the overall understanding of how homeowner 
behavior may affect the performance of an energy-efficient building.  As previously 
discussed, the quantity of data on this specific research question that currently exists in 
the literature is limited, so even a single case study is beneficial to greatly enhancing the 
community’s understanding of behavioral impacts. 
 The major limitation of this study is the small quantity of data gathered.  In order 
to determine the potential impacts of specific homeowner behaviors, a detailed case study 
of a single residence was chosen, instead of taking large quantities of energy bills from a 
larger number of homeowners.  A whole-home energy model for the target residence was 
created, which can provide detailed insight, but it is only insight into one set of 
homeowners.  Whether or not this data can be extrapolated across large swaths of the 
country, or even the region, will not be addressed in this study.  Additionally, based on 
the timelines under which the study will be conducted, only a single full season of data 
was collected, along with partial data from two additional seasons.  This short data 
collection period was an important one, as it occurred during the fall, with baselines in 
the summer and winter.  Autumn specifically contains crucial “shoulder months” in 
which the builder’s guidance stated that homeowners should rarely be using their HVAC 
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systems, so there were clear observations regarding how closing they are adhering to the 
builder’s intent, but similar data was not gathered through the spring, another set of 
“shoulder months.” 
 Another limitation was the potential influence on homeowner behavior.  The 
homeowners provided advance permission to install the monitor; however, the 
homeowners requested not to know the exact date of install in order to avoid any 
potential changes in behavior that may have arisen if they were given specific advance 
notice of the install date.  The monitor was installed early in August when they were out 
of town.  Additionally, the survey was requested every night at the same time, so 
although there may have been a slight effect early on, it fell quickly into their routine.  By 
using remote monitoring tools such as the whole-home energy sensor and the remote 
thermostat, along with the long length of the study allowing them to settle in to normal 
patterns, the potential impact on their behavior of knowing they were case study subjects 
was limited.  During an interview at the conclusion of the study, the occupants noted that 
although they were aware of the sensor and the study during the first week or so, it 
quickly fell into the pattern of their normal behavior, and they stopped checking the 
Sense monitor or Ecobee averages. 
 
Future Steps 
 This case study provided valuable insight into the behavioral tendencies of a set 
of occupants in a high-performance home, thereby enhancing the overall industry 
understanding of how residents interact with high-performance buildings.  Future 
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research is still required, however, as this case study was a single instance of a set of 
residents in one building during only a few seasons.  An initial step will be the 
continuance of data gathering.  The Ecobee thermostat and Sense monitor have remained 
installed on the home, and although the residents are no longer completing the survey, the 
data will be collected throughout an entire year, and beyond.  Future analyses can be 
performed to see how the conclusions herein apply throughout the year, and multiple 
instances of a given season can be compared to each other to normalize temperature or 
behavioral deviations. 
 In order to gain a broader understanding of this data, additional, similar case 
studies should be performed.  The builder who constructed this house has constructed 
other, similar homes in the area, and studying those in particular could provide additional 
insight into how different occupants live in homes constructed with similar techniques. 
A further broadening could be achieved through studies of many occupants in a 
given region, with homes constructed to a high-performance standard, which would 
further normalize the results from this study.  Additional data gathering and analyses will 
allow for the dampening of swings based on specific occupant tendencies that may not 
carry over to the population writ large, such as an extremely strong preference for 72°F in 
the summer that led to the activation of the heat when the temperature dipped slightly, or 
specific home quirks that may not be translatable to other homes, such as the large 
amount of leakage through a basement porthole, installed as a whimsical addition. 
Another set of data that would contribute greatly to the understanding of this 
study would be a similar case study that follows a home through construction, applying 
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the recommendations from this study, to determine if occupant behavior has a smaller 
effect on the performance of the home if certain accommodations are made to adhere to 
their normal behaviors.  Beginning in the construction phase would also allow for the 
most-correct energy model, as the energy model produced for this study relied on the 
builder’s memory of construction methods, materials used, and subcontractor techniques.  
If the data could be gathered from the beginning, there would be certainty regarding the 
inputs into the model, and it would be more representative of the conditions of the case 
study home itself. 
A final improvement would be a data model with additional options, to allow for 
the entry of various construction techniques that do not fit into the standard options 
provided for in BEOpt.  Although the results of the energy model were very close to the 
actual energy consumed, there was a lot of approximation that went into the production 
of the model.  The options chosen did not represent the actual condition of the house, but 
were a “closest fit.”  If the model were able to be tweaked to allow for a more diverse set 

























Details for BEOpt Options 
 
The options input into BEOpt version 2.8.0.0 were as follows.  Custom options 
are detailed below the table. 
Category Option title Choice 
number 
Choice summary 
Building Orientation 14 WNW 
Building Neighbors 1 None 
Walls Wood Stud Custom See below 
Walls Double Wood Stud 1 None 
Walls Steel Stud 1 None 
Walls CMU 1 None 
Walls SIP 1 None 
Walls ICF 1 None 
Walls Other 1 None 
Walls Wall Sheathing 2 OSB 
Walls Exterior Finish 8 Vinyl, light 
Walls Interzonal Walls 19 R-23 Closed cell spray 
foam, 2x4, 16 in o.c. 
Ceilings / Roofs Unfinished Attic Custom See below 
Ceilings / Roofs Roof Material 2 Asphalt shingles, medium 
Ceilings / Roofs Radiant Barrier 1 None 
Foundation / Floors Slab 14 Whole slab R10, R5 Gap 
XPS 
Foundation / Floors Unfinished 
Basement 
11 Whole wall R-12 Polyiso 
Foundation / Floors Crawlspace 8 Wall R-12 Polyiso, 
Unvented 
Foundation / Floors Carpet 1 0% Carpet 
Thermal Mass Floor Mass 2 Wood surface 
Thermal Mass Exterior Wall Mass 2 ½ in. drywall 
Thermal Mass Partition Wall Mass 2 ½ in. drywall 
Thermal Mass Ceiling Mass 2 ½ in. drywall 
Windows & Doors Window Areas 3 F15 B15 L15 R15 
Windows & Doors Windows 7 Low-E, Double, Non-
metal, Air, M-Gain 
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Windows & Doors Interior Shading 2 Summer = 0.7, Winter = 
0.7 
Windows & Doors Door Area 2 20 sq. ft 
Windows & Doors Doors 1 Wood 
Windows & Doors Eaves 3 2 ft 
Windows & Doors Overhangs 1 None 




Airflow Natural Ventilation Custom See below 
Space Conditioning Central Air 
Conditioner 
4 SEER 13 
Space Conditioning Room Air 
Conditioner 
1 None 
Space Conditioning Furnace 33 Propane, 92% AFUE 
Space Conditioning Boiler 1 None 
Space Conditioning Electric Baseboard 1 None 
Space Conditioning Air Source Heat 
Pump 
1 None 
Space Conditioning Mini-Split Heat 
Pump 
1 None 
Space Conditioning Ground Source Heat 
Pump 
1 None 
Space Conditioning Ducts 30 In Finished Space 
Space Conditioning Ceiling Fan 7 Standard Efficiency, 3 
Fans 
Space Conditioning Dehumidifier 8 70 pints / day, Ducted 
Space Conditioning 
Schedules 
Cooling Set Point 8 75 F 
Space Conditioning 
Schedules 
Heating Set Point 4 65 F 
Space Conditioning 
Schedules 
Humidity Set Point 6 65% RH 
Water Heating Water Heater 14 Propane Standard 
Water Heating Distribution 5 R-2, TrunkBranch, 
Copper 
Water Heating Solar Water Heating 1 None 
Water Heating Solar Water Heating 
Azimuth 
1 N/A 
Water Heating Solar Water Heating 
Tilt 
1 N/A 




Refrigerator 22 Top freezer, EF = 14.1 
Appliances & 
Fixtures 
Cooking Range 9 Propane 
Appliances & 
Fixtures 




Clothes Washer 7 EnergyStar, 80% Usage 
Appliances & 
Fixtures 
Clothes Dryer 3 Electric, 80% Usage 
Appliances & 
Fixtures 
















Miscellaneous Plug Loads 5 1.00 
Miscellaneous Extra Refrigerator 1 None 
Miscellaneous Freezer 1 None 
Miscellaneous Pool Heater 1 None 
Miscellaneous Pool Pump 1 None 
Miscellaneous Hot Tub / Spa 
Heater 
1 None 
Miscellaneous Hot Tub / Spa Pump 1 None 
Miscellaneous Well Pump 4 High Efficiency 
Miscellaneous Gas Fireplace 1 None 
Miscellaneous Gas Grill 1 None 





















































Power Generation PV System 1 None 
Power Generation PV Azimuth 1 N/A 
Power Generation PV Tilt 1 N/A 
Table A-1: Options for case study home in as-built model 
 
The following custom options were created: 













Entry 22.0 2.6 1,1,1 Closed cell 
spray foam 
33 















Entry 2 5.5 in .22 16 in 8 in 














Entry None N/A N/A N/A .22 





















Entry 16 in 10 in None N/A N/A 
Table A-2: Unfinished attic custom options for case study home in as-built model 
 
Wood Stud (Walls) 













20.3 Closed cell 
spray foam 
33 33 








Framing factor Framing spacing 
Entry 2 5.5 in True .22 16 in 
Table A-3: Wood stud wall custom options for case study home in as-built model 
 
 















Entry None 0.01 0.01 0.00001 0.3 





Entry 1 Auto 
Table A-4: Air leakage custom options for case study home in as-built model 
 
 
Natural Ventilation (Airflow) 











M,W,F,S 3 1 0.5 
      



















Entry 0.1 2 F 2 F 2 F False 












Entry False True 0.023 0.7  




Aldrich, R., Arena, L., Griffiths, D., Puttagunta, S., & Springer, D. (2010). The 
Consortium of Advanced Residential Buildings (CARB) - A Building America Energy 
Efficient Housing Partnership. https://doi.org/10.2172/1031549 
Ali, M. M. (2008). Energy Efficient Architecture and Building Systems to Address 
Global Warming. Leadership and Management in Engineering, 8(3), 113-123. 
https://doi.org/10.1061/(ASCE)1532-6748(2008)8:3(113) 
Annibaldi, V., Cucchiella, F., De Berardinis, P., Gastaldi, M., & Rotilio, M. (2020). An 
integrated sustainable and profitable approach of energy efficiency in heritage 
buildings. Journal of Cleaner Production, 251. 
https://doi.org/10.1016/j.jclepro.2019.119516 
Aria, H., & Akbari, H. (2014). Integrated and multi-hour optimization of office building 
energy consumption and expenditure. Energy & Buildings, 82, 391-398. 
https://doi.org/10.1016/j.enbuild.2014.07.019 
Ascione, F., Bianco, N., De Masi, R. F., Mauro, G. M., & Vanoli, G. P. (2017). Energy 
retrofit of educational buildings: Transient energy simulations, model calibration and 
multi-objective optimization towards nearly zero-energy performance. Energy & 
Buildings, 144, 303-319. https://doi.org/10.1016/j.enbuild.2017.03.056 
Autodesk.Revit. https://www.autodesk.com/products/revit/ 
 99 
Autodesk Brings Detailed EnergyPlus HVAC Simulation to Revit. (2019). 
https://www.energy.gov/eere/buildings/articles/autodesk-brings-detailed-energyplus-
hvac-simulation-revit 
Bedir, M., Hasselaar, E., & Itard, L. (2013). Determinants of electricity consumption in 
Dutch dwellings. Energy & Buildings, 58, 194-207. 
https://doi.org/10.1016/j.enbuild.2012.10.016 
BEopt: Building Energy Optimization Tool. National Renewable Energy Laboratory. 
https://www.nrel.gov/buildings/beopt.html 
Bjørneboe, M. G., Svendsen, S., & Heller, A. (2017). Using a One-Stop-Shop Concept to 
Guide Decisions When Single-Family Houses Are Renovated. Journal of 
Architectural Engineering, 23(2). https://doi.org/10.1061/(ASCE)AE.1943-
5568.0000238 
Boto-García, D., & Bucciol, A. (2020). Climate change: Personal responsibility and 
energy saving. Ecological Economics, 169. 
https://doi.org/10.1016/j.ecolecon.2019.106530 
Branco, G., Lachal, B., Gallinelli, P., & Weber, W. (2004). Predicted versus observed 
heat consumption of a low energy multifamily complex in Switzerland based on 
long-term experimental data. Energy & Buildings, 36(6), 543-555. 
https://doi.org/10.1016/j.enbuild.2004.01.028 
 100 
Cattano, C., Valdes-Vasquez, R., Plumblee, J. M., & Klotz, L. (2013). Potential Solutions 
to Common Barriers Experienced during the Delivery of Building Renovations for 
Improved Energy Performance: Literature Review and Case Study. Journal of 
Architectural Engineering, 19(3), 164-167. https://doi.org/10.1061/(ASCE)AE.1943-
5568.0000126 
Cemesova, A., Hopfe, C. J., & Mcleod, R. S. (2015). PassivBIM: Enhancing 
interoperability between BIM and low energy design software. Automation in 
Construction, 57, 17-32. https://doi.org/10.1016/j.autcon.2015.04.014 
Chantrelle, F. P., Lahmidi, H., Keilholz, W., Mankibi, M. E., & Michel, P. (2011). 
Development of a multicriteria tool for optimizing the renovation of buildings. 
Applied Energy, 88(4), 1386-1394. https://doi.org/10.1016/j.apenergy.2010.10.002 
Chen, L., & Pan, W. (2015). A BIM-integrated fuzzy multi-criteria decision-making 
model for selecting low-carbon building measures. Procedia Engineering, 118, 606-
613. https://doi.org/10.1016/j.proeng.2015.08.490 
Chiu, M., Kuo, T., & Liao, H. (2020). Design for sustainable behavior strategies: Impact 
of persuasive technology on energy usage. Journal of Cleaner Production, 248. 
https://doi.org/10.1016/j.jclepro.2019.119214 
Davis, L. W., Martinez, S., & Taboada, B. (2020). How effective is energy-efficient 
housing? Evidence from a field trial in Mexico. Journal of Development Economics, 
143. https://doi.org/10.1016/j.jdeveco.2019.102390 
 101 
Diakaki, C., Grigoroudis, E., & Kolokotsa, D. (2013). Performance study of a multi-
objective mathematical programming modelling approach for energy decision-
making in buildings. Energy, 59, 534-542. 
https://doi.org/10.1016/j.energy.2013.07.034 
Dodge Data & Analytics. (2020). Green Single Family and Multifamily Homes 2020. 
National Association of Home Builders.  
Donnelly, K. (2010). The technological and human dimensions of residential feedback: 
an introduction to the broad range of today’s feedback strategies. People-Centered 
Initiatives for Increasing Energy Savings (pp. 186-209). American Council for an 
Energy-Efficient Economy, Washington, DC, USA. 
Ecobee Support. What weather station will my ecobee connect to? Ecobee Support. 
https://support.ecobee.com/hc/en-us/articles/227870347-What-weather-station-will-
my-ecobee-connect-to- 
Ehrhardt-Martinez, K. (2010). Inside the black box: household response to feedback. 
People-Centered Initiatives for Increasing Energy Savings (pp. 210-223). American 
Council for an Energy-Efficient Economy, Washington, DC, USA. 
Energy. (1986). Urban Planning Guide: Revised Edition (pp. 448-491). American 
Society of Civil Engineers.  
 102 
Fabi, V., Andersen, R. V., Corgnati, S., & Olesen, B. W. (2012). Occupants' window 
opening behaviour: A literature review of factors influencing occupant behaviour 
and models. Building and Environment, 58, 188-198. 
https://doi.org/10.1016/j.buildenv.2012.07.009 
Fowlie, M., Greenstone, M., & Wolfram, C. (2018). Do energy efficiency investments 
deliver? Evidence from the Weatherization Assistance Program. The Quarterly 
Journal of Economics, 133(3), 1597-1644. https://doi.org/10.1093/qje/qjy005 
Garcia, A. J., Mollaoglu, S., & Syal, M. (2018). Implementation of BIM in small home-
building businesses. Practice Periodical on Structural Design and Construction, 
23(2). https://doi.org/10.1061/(ASCE)SC.1943-5576.0000362 
Gerrish, T., Ruikar, K., Cook, M., Johnson, M., Phillip, M., & Lowry, C. (2017). BIM 
application to building energy performance visualisation and management: 
Challenges and potential. Energy & Buildings, 144, 218-228. 
https://doi.org/10.1016/j.enbuild.2017.03.032 
Grussing, M. N., & Liu, L. Y. (2014). Knowledge-based optimization of building 
maintenance, repair, and renovation activities to improve facility life cycle 
investments. Journal of Performance of Constructed Facilities, 28(3), 539-548. 
https://doi.org/10.1061/(ASCE)CF.1943-5509.0000449 
Hafner, R. J., Pahl, S., Jones, R. V., & Fuertes, A. (2020). Energy use in social housing 
residents in the UK and recommendations for developing energy behaviour change 
 103 
interventions. Journal of Cleaner Production, 251. 
https://doi.org/10.1016/j.jclepro.2019.119643 
Hong, T., Koo, C., Kim, H., & Seon Park, H. (2014). Decision support model for 
establishing the optimal energy retrofit strategy for existing multi-family housing 
complexes. Energy Policy, 66, 157-169. https://doi.org/10.1016/j.enpol.2013.10.057 
Housing. (1986). Urban Planning Guide: Revised Edition (pp. 98-115). American 
Society of Civil Engineers.  
How Does Sense Detect My Devices?. (2016). Sense. https://blog.sense.com/articles/how-
does-sense-detect-my-devices/ 
Jackson, R. K., Boudreaux, P. R., Kim, E., & Roberts, S. (Jan 1, 2012). Advancing 
residential energy retrofits. https://www.osti.gov/biblio/1050351 
Karmellos, M., Kiprakis, A., & Mavrotas, G. (2015). A multi-objective approach for 
optimal prioritization of energy efficiency measures in buildings: Model, software 
and case studies. Applied Energy, 139, 131-150. 
https://doi.org/10.1016/j.apenergy.2014.11.023 
Kastner, I., & Stern, P. C. (2015). Examining the decision-making processes behind 
household energy investments: A review. Energy Research & Social Science, 10, 72-
89. https://doi.org/10.1016/j.erss.2015.07.008 
 104 
Kavousian, A., Rajagopal, R., & Fischer, M. (2015). Ranking appliance energy efficiency 
in households: Utilizing smart meter data and energy efficiency frontiers to estimate 
and identify the determinants of appliance energy efficiency in residential buildings. 
Energy & Buildings, 99, 220-230. https://doi.org/10.1016/j.enbuild.2015.03.052 
Khaddaj, M., & Srour, I. (2016). Using BIM to Retrofit Existing Buildings. Procedia 
Engineering, 145, 1526-1533. https://doi.org/10.1016/j.proeng.2016.04.192 
Kim, A., Haberl, J., & Anderson, S. (2016). Comparison between Current Industry 
Methods and an Energy Simulation Model for Quantifying Energy Service Projects. 
Journal of Architectural Engineering, 22(2). 
https://doi.org/10.1061/(ASCE)AE.1943-5568.0000192 
Kon, O. (2017). Determination of optimum insulation thicknesses using economical 
analyses for exterior walls of buildings with different masses. An International 
Journal of Optimization and Control: Theories & Applications (IJOCTA), 7(2), 149-
157. https://doi.org/10.11121/ijocta.01.2017.00462 
Kulkarni, P., & Shrestha, P. P. (2010). Identifying factors that affect the energy 
consumption of residential buildings. Construction Research Congress 2010 (pp. 
1437-1446). https://doi.org/10.1061/41109(373)144 
Lapsa, M. V., Brown, D. M. A., & Chandler, J. (2010). Adding a behavioral dimension to 
utility policies that promote residential efficiency. People-Centered Initiatives for 
 105 
Increasing Energy Savings. (pp. 263-277). American Council for an Energy-
Efficient Economy, Washington, DC, USA. 
Lapsa, M. V., Brown, D. M. A., Chandler, J., & Ally, M. R. (2010). Adding a behavioral 
dimension to residential construction and retrofit policies. People-Centered 
Initiatives for Increasing Energy Savings. (pp. 43-59). American Council for an 
Energy-Efficient Economy, Washington, DC, USA. 
Li, D., Du, J., Sun, M., & Han, D. (2020). How conformity psychology and benefits 
affect individuals’ green behaviors from the perspective of a complex network. 
Journal of Cleaner Production, 10(4), 401. https://doi.org/10.1016/S0959-
6526(02)00002-1 
Liang, X., Peng, Y., & Shen, G. Q. (2016). A game theory-based analysis of decision 
making for green retrofit under different occupancy types. Journal of Cleaner 
Production, 137, 1300-1312. https://doi.org/10.1016/j.jclepro.2016.07.200 
Ma, Z., Cooper, P., Daly, D., & Ledo, L. (2012). Existing building retrofits: Methodology 
and state-of-the-art. Energy & Buildings, 55, 889-902. 
https://doi.org/10.1016/j.enbuild.2012.08.018 
Mauri, L. (2016). Feasibility analysis of retrofit strategies for the achievement of NZEB 
target on a historic building for tertiary use. Energy Procedia, 101, 1127-1134. 
https://doi.org/10.1016/j.egypro.2016.11.153 
 106 
Memari, A. M., Huelman, P. H., Iulo, L. D., Laquatra, J., Martin, C., McCoy, A., 
Nahmens, I., & Williamson, T. (2014). Residential building construction: State-of-
the-art review. Journal of Architectural Engineering, 20(4). 
https://doi.org/10.1061/(ASCE)AE.1943-5568.0000157 
Minn. house remodel could hardly get much greener. (2008). Contractor Magazine, 
55(3), 1-8.  
Miro, C. R. & Cox, J. E. (1997). The greening of the White House. ASHRAE Journal, 
39(1), 20. https://search.proquest.com/docview/220494326 
Monroe, T. (2011). Green building techniques save energy, money. Wyoming Business 
Report, 12(10), 20-27. 
Murray, S. N., Walsh, B. P., Kelliher, D., & O'Sullivan, D. T. J. (2014). Multi-variable 
optimization of thermal energy efficiency retrofitting of buildings using static 
modelling and genetic algorithms – A case study. Building and Environment, 75, 98-
107. https://doi.org/10.1016/j.buildenv.2014.01.011 
National Renewable Energy Laboratory. Building Energy Optimization Tool. 
https://beopt.nrel.gov/home 
NORESCO. REM/Rate. http://www.remrate.com/ 
Norouziasl, S., Jafari, A., & Wang, C. (2019). Analysis of lighting occupancy sensor 
installation in building renovation using agent-based modeling of occupant behavior. 
 107 
Computing in Civil Engineering 2019 (pp. 593-600). American Society of Civil 
Engineers.  
Olshesky, J. (2012). Retrofitting a historic building envelope for disaster resilience and 
sustainability. Advances in Hurricane Engineering (pp. 188-199). 
https://doi.org/10.1061/9780784412626.018 
PassiveHaus. Passive House Planning Package (PHPP). 
https://passivehouse.com/04_phpp/04_phpp.htm.  
Phillips, M. (2016). The Story Behind Sense. Sense. https://blog.sense.com/articles/the-
story-behind-the-sense-home-energy-monitor/ 
Rezgui, Y., Aldossary, N. A., & Kwan, A. (2014). Energy consumption patterns for 
domestic buildings in hot climates using Saudi Arabia as case study field: Multiple 
case study analyses. Computing in Civil and Building Engineering (2014) (pp. 1986-
1993). https://doi.org/10.1061/9780784413616.246 
Rhodes, J. D., Gorman, W. H., Upshaw, C. R., & Webber, M. E. (2015). Using BEopt 
(EnergyPlus) with energy audits and surveys to predict actual residential energy 
usage. Energy & Buildings, 86(C), 808-816. 
https://doi.org/10.1016/j.enbuild.2014.10.076 
 108 
Ruparathna, R., Hewage, K., & Sadiq, R. (2016). Improving the energy efficiency of the 
existing building stock. Renewable and Sustainable Energy Reviews, 53, 1032–1045. 
https://doi.org/10.1016/j.rser.2015.09.084 
Russell, M., Jafari, A., & Valentin, V. (2014). Probabilistic life cycle cost model for 
sustainable housing retrofit decision-making. Computing in Civil and Building 
Engineering (2014) (pp. 1925-1933). https://doi.org/10.1061/9780784413616.239 
Schakib-Ekbatan, K., Çakıcı, F. Z., Schweiker, M., & Wagner, A. (2015). Does the 
occupant behavior match the energy concept of the building? Building and 
Environment, 84, 142-150. https://doi.org/10.1016/j.buildenv.2014.10.018 
Sense Web Application: Devices. https://home.sense.com/devices/ 
Shao, Y., Geyer, P., & Lang, W. (2014). Integrating requirement analysis and multi-
objective optimization for office building energy retrofit strategies. Energy & 
Buildings, 82, 356-368. https://doi.org/10.1016/j.enbuild.2014.07.030 
Shen, G. Q., Al-Hussein, M., Zhu, Y., & Wang, Y. (2017). The game analysis of PPP 
modes applied in projects of energy-saving renovation in existing buildings. 
ICCREM 2016 - BIM Application and Offsite Construction - Proceedings of the 
2016 International Conference on Construction and Real Estate Management, 
September 29-October 1, 2016, Edmonton, Alberta, Canada (pp. 668-677). 
American Society of Civil Engineers (ASCE).  
 109 
Syal, M., Duah, D., Samuel, S., Mazor, M., Mo, Y., & Cyr, T. (2014). Information 
framework for Intelligent Decision Support System for home energy retrofits. 
Journal of Construction Engineering and Management, 140(1). 
https://doi.org/10.1061/(ASCE)CO.1943-7862.0000773 
Tan, G., & Gardzelewski, J. Utilizing a multidisciplinary design team for energy efficient 
renovations of existing buildings. AEI 2011 (pp. 280-290). 
https://doi.org/10.1061/41168(399)34 
Thaler, R., & Sunstein, C. (2009). Nudge: Improving Decisions About Health, Wealth, 
and Happiness 
Tiedemann, K. H. (2010). Behavioral change strategies that work: A review and analysis 
of field experiments targeting residential energy use behavior. People-Centered 
Initiatives for Increasing Energy Savings (pp. 299-316). American Council for an 
Energy-Efficient Economy, Washington, DC, USA. 
Vanegas, J. A., & Pearce, A. R. (2012). Drivers for change: An organizational 
perspective on sustainable construction. Construction Congress VI (pp. 406-415). 
https://doi.org/10.1061/40475(278)44 
Wang, B., Xia, X., & Zhang, J. (2014). A multi-objective optimization model for the life-
cycle cost analysis and retrofitting planning of buildings. Energy & Buildings, 77, 
227-235. https://doi.org/10.1016/j.enbuild.2014.03.025 
 110 
Wang, C., & Cho, Y. K. (2015). Application of as-built data in building retrofit decision-
making process. Procedia Engineering, 118, 902-908. 
https://doi.org/10.1016/j.proeng.2015.08.529 
Wolfe, A. K., & Hendrick, T. P. (2013). Homeowner decision making and behavior 
relating to deep home retrofits. United States: Oak Ridge National Laboratory. 
https://doi.org/10.2172/1105920 
Yang, H., Srivastava, M., Xie, Y., Bai, Y., Yu, Y., & Bowen, B. (2017). Higher 
education on buildings: Case study in the North Dakota region. Journal of 
Architectural Engineering, 23(4). https://doi.org/10.1061/(ASCE)AE.1943-
5568.0000278 
Yao, J. (2020). The uncertainty of manual shade control on west-facing facades and its 
influence on energy performance. Applied Thermal Engineering, 165. 
https://doi.org/10.1016/j.applthermaleng.2019.114611 
Yin, Y., Zhang, L., Yang, Z., & Mizokami, S. (2020). Achieving maximum energy 
consumption efficiency from a personal behavior perspective. Journal of Cleaner 
Production, 10(4). https://doi.org/10.1016/S0959-6526(02)00002-1 
Yu, Z., Fung, B. C. M., Haghighat, F., Yoshino, H., & Morofsky, E. (2011). A systematic 
procedure to study the influence of occupant behavior on building energy 
consumption. Energy and Buildings, 43, 1409-1417.  
 111 
Zmeureanu, R. (2000). Cost-effectiveness of increasing airtightness of houses. Journal of 
Architectural Engineering, 6(3), 87-90. https://doi.org/10.1061/(ASCE)1076-
0431(2000)6:3(87) 
Zmeureanu, R., & Marceau, M. (1999). Evaluating energy impact of people's behavior in 
a house: Case study. Journal of Architectural Engineering, 5(3), 99-102. 
https://doi.org/10.1061/(ASCE)1076-0431(1999)5:3(99) 
 
